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Abstract

Enpirical evidence and observations validated by statistical tests have indicated
that several distinct types of consistent neasurenent error can alter the
interpretation of cDNA mcroarray data. \Wenever possible nodels of error are
derived during quality assessnent and applied during data anal ysis. Wen
nmeasurenent error is detectable and conforns to a defined nodel, corrections can
be applied during renornalization.

However, sone neasurenent errors are detectable but |less well defined. In such
cases, parallel analyses are required to determ ne the significance of such
effects. Furthernore, supporting biological evidence froma distinct nethod
designed to detect the problemmay be required. In the specific case of the
Spel | man data both wel | -defined probl ens and anbi guous probl ens were exam ned.

First, the clearly detectable and defi nabl e neasurenent errors are corrected

t hrough renormal i zati on. Reanal ysis of the Spell man and Sherl ock cell cycle data
set begins with a new nethod of nornmalization that nore accurately reduces the
effects of outliers and spatial variation on the arrays. First, all intensity
values are log transfornmed, then linear regression is perfornmed separately on each
sector. These sectors were produced by slotted printing pins. The Spell man data
has four sectors and was printed with four distinct pins. Then these residuals are
cal cul ated for these four regression lines; one for each sector. Qutliers (those
residuals where |e] > 2 x std dev of e) are renoved and the four regression
functions are recalculated. If the difference between the val ue of r-squared of
the new regression line is less than .001 of the old, then no further residuals
are renoved. Else, outliers are renoved by the sane test as above and the
iterations continue. Once conpletely determ ned, the slope and intercept val ues
are applied as correction factors to the |log transforned channel 2 values. The
result is that the function of |og channel 1 and |og channel 2 closely
approximates y = x. Then these values are exponentiated, a newratio is cal cul ated
and this ratio is put on the famliar |og base2 scale. This renormalization al one
has been denonstrated to substantially reduce the standard deviation of |o0g2

rati os.

Next, the anbi guous task of detecting the effect of cross-hybridization was

exam ned. The yeast genone is fully sequenced, thus the sequences of PCR fragments
were known. Therefore it is possible, with sonme error, to deternmne the |ikely
nunber of transcripts that could cross-hybridize to a given PCR fragnent. The
correlation between the |ikelihood of cross-hybridization and the frequency of
transcripts with cross-honology is difficult to assess wi thout enpirical evidence.
It is inportant to note that nodeling the nol ecul ar events during hybridization
has proven difficult. Therefore, no analysis can be used to correct data. However,
a technique can be applied as an inforned post hoc nethod. In this way, such

anal ysis may i ndi cate where biol ogical confirmation experinents are warranted,

rat her than supply a mathematical sol ution

Appl yi ng Li near Normalization

In all tested cases, applying a linear nodel of error conbined with the iterative
removal of outlying residuals reduces the standard deviation of the fina
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| ogoratios. The range of the data is not substantially altered. However, the

kurtosis increases and the skew may change in scale and in direction. Filtering
iteratively normalized data w thout considering spatial bias, increased the nunber
of genes that are consistently changed at the |log, ratio|> 2 for 1 of 11

Elutriation arrays by 4.3% (an increase of 9 genes) when conpared to data
normal i zed by the SMD default method. Wen the iterative nmethod is applied each
sector to correct spatial problens the nunber of genes that pass filtering
criterion actually decreases. In both cases the overall standard deviation of the
data is reduced. Only independent enpirical nmethods can determ ne whether the

di fferences in analysis nethods are renoving fal se positives.

Spatial Met hods

bservation based on a spatial display tool devel oped for m croarrays i ndicated
that spatial problens may exist for several Spellman and Sherl ock arrays.
Renormal i zati on by sector requires 4 parallel normalizations and assunes that
functional groups of genes are not printed together. For many arrays the net
result of spatial |inear normalization is marginal. However, significant spatia
effects have been detected in other cDNA arrays and therefore it is worth testing
arrays for the effect.

Spatial bias is detectable with a sinple ANOVA (y = logyratio and X = grid #) that

yields an F-test and r-squared val ue. Non-paranetric nethods such as the
Kruskal -Vl lis test also serve this function. Qur current best estimate is that,
if r-squared values are below .05, then spatial error is not significant. Best
practice may indicate repeating experinents that are substantially altered, rather
t han applying sector specific normalization nethods, which are post hoc and may
only partially repair the effects.

Appl yi ng the Linear Method by Sector

For each the four independent sectors of each DNA microarray the iterative sinple
i near regression technique is applied. As expected many arrays, are not
substantially altered by this approach. However in instances, where outliers are
detectable by the F-test differences in normalization are noticeable (Figure 1).
Note that the four sectors each have independent patterns with respect to
background corrected channel 2 intensity (CH2D). The differences between the SMD
nmet hod and Iterative nmethod are consistently greater at low intensities: bel ow
150. Each pattern is at a m ninum where the |linear regression equation for a given
sector is equal to the SMD global nean. In this case, there is a clear difference
in the m ninmum of one pattern, which may indicate spatial bias in that sector.
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Figure 1. The absolute value of the difference between log, ratio cal cul ated by

the SMD nethod and the Iterative nethod is plotted on the y-axis. The
background-corrected channel 2 intensity is plotted on the x-axis

Filtering results

Filtering paraneters: all spots that have an average intensity of 100 in each
channel and a |log, ratio[>2 in at least 1 array were selected.

TABLE 1I.

SMD Method Iterative Method Proportional Change
a -Factor: 334 269 0.805

Elutriation: 179 135 0. 754

CDC: 1204 1099 0.913

Note that the Iterative nethod consistently reduces the nunber of genes that pass
the filters. It also consistently lowers the standard deviation of the log, ratios

in these studies. It does not, however, consistently inprove the gl oba
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correl ation between the |og, ratios of any two arrays.

Exanpl es of Changed Arrays

Col um 1: SMD Met hod Colum 2:1terative Mt hod
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Figure 2. The plots bel ow show the spatial pattern of |og, ratios on two

Elutriation arrays (SMD EXPID 56 (row B) and 57(row A) nornalized by the SVD
method on the left and by the Iterative nethod on the right. Al spots wth a
log, ratio greater than 1 appear in red. All spots with a ratio below 1 appear in

green. Black spots indicate a flagged spot, white spots have a ratio of 1. Note
that the iterative nmethod (Colum 2) partially corrects the spatial bias seen in
the SMD net hod (Columl)for both expt. 56 and 57.
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Sequence Simlarity in Yeast Arrays

The degree to which cross-hybridization mght influence mcroarray expression data
was al so examined. First, a prelimnary analysis was perforned that rel ated
sequence simlarity to the degree of correlation between expression profiles.
Several assunptions are nmade. First, it was assunmed that the full [ength ORFs
avai |l abl e from SG (Saccharonmyces Genone Dat abase) approxi mate the targets
actually used on the mcroarray. This assunption is deened reasonabl e, as yeast
prinmer pairs were designed to include as nmuch of the ORFs as possible (Gavin
Sher | ock, pers. comm). Second, it was assuned that the degree of sequence
simlarity between a pair of sequences, as neasured by an alignnent program such
as BLASTN, woul d approxi mate the degree of cross-hybridizati on between those
sequences.

First, 2,690 ORFS were selected fromthe original 6,178 yeast ORFs. The sel ected
ORFS were those with the fewest m ssing expression data values (that is ORFs with
greater than 8 m ssing val ues across the 62 experinments were excluded). For al
pairs of the 2,690 ORFs, the correlation coefficient between the expression
profiles was cal cul ated and a BLASTN al i gnnent of the sequences created. For al
pairs of ORFs with sonme degree of honology, the correlation coefficients were
extracted and are plotted as two histograns in Figure 2. ORF pairs are divided
according to their BLASTN e-values. Correlation coefficients for ORF pairs with
BLASTN e-val ue greater than 1 X 10-4 are shown in white and those with BLASTN
e-value less than 1 X 104 are in red.

Rel atively few ORF pairs showed significant sequence simlarity. 1991 ORF pairs
had e-values greater than 1 X 10-4 and 59 pairs had e-values less than 1 X 10-4.
The set of 1991 ORF pairs had a nean pairwi se correlation coefficient of 0.036,
whereas the set of 59 ORF pairs with | ower e-values had a nean pairw se
correlation coefficient of 0.419.
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Figure 3. Pairwi se correlation coefficients of the expression pattern across 62
experinents of yeast ORFS. Red conparisons are highly simlar pairs. Note the
relative rarity of cross honology and the relative high degree of co-expression
anongst the highly simlar ORFs.

Despite the small nunbers, it appears that ORF pairs with a higher degree of
sequence simlarity are also nore likely to exhibit a higher degree of correlation
bet ween their expression profiles. The e-val ue indicates, but does not prove
cross-hybridization. It is also possible that genes with high sequence simlarity
may have simlar function and therefore nmay be authentically co-expressed.
Cross-hybridi zati on and the degree to which this may confound results from
genone-w de microarray experinments should definitely be considered in the design
of future mcroarrays by printing gene specific probes used wherever possible.

Cal cul ating the Wights

Wei ghts were assigned to only those genes, which passed two criterion. The
pai rwi se expression with another ORF had to exceed le-4 and their BLASTN score had
to exceed 100. The BLASTN score was the nore

stringent criterion, resulting in no expression correlation below le-21. 782
pai rwi se conpari sons passed this cut off, representing some 678 ORF' s. Wi ghts
were first calculated for each pairw se conparison. If an ORF was part of nore
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t han one pairw se conpari son then the weights were nultiplied. Wights were
calculated as 0.5 + 0.5(m ni num exp/exp). In this case the m ni mrum exponent of the
data set was -21. If a given pairwise correlation value was le-42 then the wei ght
woul d be 0.5 + 0.5(-21/-42) = 0.75. The maxi mum wei ght was 1 and the m ni mum

wei ght was 0.16. This nethod is one of many that should give a reasonable

approxi mati on of the range of cross-hybridization. However, a nethod based on
enpirical evidence of cross-hybridization would be preferable.
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Figure 4. Histogramof the weights applied to potentially cross-hybridizing genes.
Not e that npbst weights were nearly 0.5, and only a snmall sub-population is
wei ghted | ess than 0. 25.

Det ermi ni ng Best Practice

Best practice of mcroarray data analysis is directly tied to the application of
the data. If the arrays are to be used as rapid screening tools then sophisticated
normal i zati on and anal ysis may not be necessary. [f, however, the object of the
experinment is to nodel subtle biological patterns across gradients of tinme or
treatnment, nuch nore conplex analysis is required. Furthernore, while statistica
nmeasures are useful in nmeasuring and correcting sonme errors, the nost accurate
nmeans of determ ning gene transcript behavior will require enpirical evidence.
When DNA mi croarrays are designed to assist the statistical analysis, best
practice can be achi eved. For exanple, the replicate printing of a core contro
group of elements in several |ocations throughout an array would greatly sinplify
detection of spatial bias. Also, doping controls that consist of a class of

non- honol ogous RNA transcripts could serve as independent verification of
normal i zati on nmethods. Finally, the correlation of expression anongst el enents

wi th high degrees of cross-honol ogy does not prove cross-hybridization. In
summary, the conbination of careful array design, enpirical verification and
accurate mathematical nodels of error wll result in the best practice of

m croarray data anal ysis.
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