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Abstract

The oligo microarray (DNA chip) technology in recent
years has a significant impact on genomic study. Many
fields such as gene discovery, drug discovery, toxicologi-
cal research and disease diagnosis, will certainly benefit
from its use. A microarray is an orderly arrangement of
thousands of DNA fragments where each DNA fragment is
a probe (or a fingerprint) of a gene/cDNA. It is important
that each probe must uniquely associate with a particular
gene/cDNA. Otherwise, the performance of the microarray
will be affected. Existing algorithms usually select probes
using thecriteria of homogeneity, sensitivity, and specificity.
Moreover, they improve efficiency employing some heuris-
tics. Such approaches reduce the accuracy. Instead, we
make use of some smart filtering techniquesto avoid redun-
dant computation while maintaining the accuracy. Based
on the new algorithm, optimal short (20 bases) or long (50
or 70 bases) probes can be computed efficiently for large
genomes.

1 Introduction

Wah-Heng Lee
Genome Institute of Singapore
Singapore

known as probes. Each probe is a substring of a gene,
which acts as its fingerprint. To analyze the genes’ activ-
ities within a cell, the mRNAs are extracted and transcribed
into cDNAs. Then the cDNAs are fluorescent-labelled and
introduced to the chip. Due to Watson-Crick base pairing,
the cDNA representing a particular gene will bind (or hy-
bridize) to the corresponding probe. The cDNAs which fail

to hybridize are washed off the chip. Then, the cDNAS’ ex-
pression levels are measured based on the fluorescent level
of each spot [9].

DNA microarray technology is able to monitor the whole
genome on a single chip so that researchers can have a bet-
ter picture of the interactions among thousands of genes si-
multaneously. Thus there is a dramatic increase in knowl-
edge of regulatory expression patterns and throughput. This
makes the DNA microarray technology invaluable to stud-
ies in genomics and medicine. Some of its important uses
are discussed below.

Gene ldentification: Cells of different tissues have spe-
cific phenotypes and functiolig. Microarray technology
using cDNAs can measure the levels and patterns of cell
and tissue-specific gene expression important in growth,
metabolism, development, behavior and adaptation of liv-

Rapid developments in bio-technology have uncovereding systems [1]. A cluster analysis of microarray data is
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the complete sequences of numerous genomes. Many morgsed to find the genes which are preferentially expressed in
genomes are to be mapped out in the near future. Howeverspecific tissues. These genes are important to research be-
knowing the sequences of the genomes is only the start. Incause they serve the functionality of the cell type and con-
the pro-genome era, we would like to study the activities of trol genes that ensure the cell only performs the functions
genes within a cell. More precisely, we hope to measure theof its specific type.
amount of mRNAs transcribed from every gene (which is
called the gene expression level of the gene). Genetic Diseases Research: Genes which are not tran-
Traditional methods in molecular biology generally scribed properly often result in genetic diseases. These
work on a “one gene in one experiment” basis, which meansgenes may have too much or too little expression. These
that the throughput is very limited and the “whole picture” defects occur in cancer wheréten, regulatory genes are
of gene function is hard to obtain. Currently, DNA microar- deleted, inactivated, or become constantly active. Cancer
ray is used to analyze gene expressions. DNA microarray orcan be caused by several independent gene regulatory de-
DNA chip is a glass or nylon slide containing a set of spots fects. The causes for cancer differ from patient to patient
where each spot contains identical short DNA sequenceshus making their identification highly complicated. Since

YF]',F.

COMPUTER
SOCIETY



microarrays technology can identify the change in transcrip- ery probe can bind or hybridize with the target gene only.
tion levels and gene expression patterns in diseased state©ther factors such as the sedary structure and melting

it has become invaluable for cancer investigation [3]. Mi- temperature of probes may also cause hybridization errors.
croarrays can also be used to find genes that are linked torhe use of such microarrays reduces the experiment accu-
diseases or increase the sugit®lity to inherited diseases. racy. Accuracy is very important as a probe set once found
In a study, scientists at the Rockerfeller University used mi- is used for thousands of experiments. Therefore, it is chal-
croarray technology to detect Single Nucleotide Polymor- lenging and important to have some specialized algorithm
phism (SNP) of the human MUpioid receptor gene. This  which can accurately select “good” probe for every gene.
was done by hybridization or single nucleotide extension

on an oligonucleotide gelpad microchip. The group statesq 1  previous Works

that the microchips have a lot of potential for SNP studies

[6]. The identification of specific gene alterations associ-

ated with a disease can identify candidate targets for thera- Regearfch n bettgr algg)nthmsr]:or progi de:gn has blgen
peutic intervention, using specifically designed drugs. on going for some time due to the need for ettgr quality
microarrays. Lockhart et al [15] contributed the first pro-

gram for designing probesin 1996. This program is used by

Céll Cycle Variation: As cells undergo their cycle of life, . .
. L Y Affymetrix to design short probes of leng#0 to 25. They
there will be DNA replication, mitosis and eventually death. did not publish their algorithm. Li and Stormo [14] pro-

These processes all require different gene products, ie., mi- . ) .
crotubuple spindle prottgins The cell%vill hF::\ve genes that posed a heuristic algorithm to solve the probe design prob-

control these cell cycle events. Microarray analysis of ex- lem. To improve efficiency, their algorithm uses advance
Y ' y y . data structure suffix array [16] and fast pattern matching

pression patterns at various tim_e intervals will help eluc_"nprogram myersgrep [17]. However, the algorithm is stil
d8ate the genes that are responsible for cell cycle regulatio hot fast enough for the computation of large genome sets.
[8]- It took almost four days to design a lengt-probe set for

) ) i ) Saccharomyces cerevisiae genome, which is ahouwt10°
Drug Discovery and Toxicological Research: Microarray  pps and include6343 genes. Rouillard, Herbert and Zuker
technology is exploited by phaaceutical industries. The [20] suggested to use BLAST to avoid cross-hybridization

presence of alternate forms of a gene or unusual expressiollq yse Mfold program to avoid secondary structure. Their
of a gene can result in resistance to chemotherapy. Va”ou%llgorithm is more efficient. Within a day, their algorithm

types of studies may be able to correlate the genetic profile.5, design a lengthe probe set for the Saccharomyces
of individual patients and the individual response to various .aevisiae genome. Kaderali and Schliep [10] attempted
drugs or toxins. DNA microarrays can assist in the identifi- ;4 design an accurate probe set. By utilizing heuristic dy-
cation of certain genes that demonstrate altered expressiop 5 mic programming, they try to compute the most stable
in a given cell or_tissuetype in response to drug or to?<in €X- alignment between every probe and every sequence. Al-
posure [7]. The information obtained from these studies Canihough their solution has highaccuracy, the algorithm is
be used to assist in the selection of custom and individuallyvery slow and is unsuitable for large genomes. It takes

tailored drug therapy to treat disease. hours to design a probe set 68 HIV-1 subtypes of to-

tal length600 x 103. Lipson, Webb and Yakhini [13] pre-
Forensic Identification: DNA samples can be used by sented an algorithm that computes the exact specificity of
forensic scientists to identify individuals. Scientists use mi- g probe by using its longest common contiguous substring.
croarrays to find the markers in a DNA sample by design- To find probes of length it states that if two strings andt
ing small pieces of DNA (probes) that will each seek out have a Hamming distance less or equal,tthen there must
and bind to a complementary DNA sequence in the samplepe at least one substring ef length > [ﬁ], which is a
[4]. A series of probes bound to a DNA sample creates a perfect match to the corresponding substring.dFhis ap-
distinctive pattern for an individual. The data from DNA  proach is slow as it took 46 minutes to find length-30 probes
samples of an individual is then used to create a DNA pro- for a length-300 transcript of S. cerevisiae. Recently, Rah-
file of that individual (sometimes called a DNA fingerprint). mann [19] presented a fast algorithm that is practical for
These DNA fingerprints can ¢m be used to Identlfy poten- designing short probes up 89 nucleotides. He approxi_
tial suspects whose DNA may match evidence left at crime mates the unspecificity of a probe by computing its longest
scenes or to exonerate persons wrongly accused of crimescommon contiguous substring, thus, greatly improves the

efficiency. Now, it is able to design probes for large genome
In the past, a probe for a gene is simply its random sub- like Neurospora crassa in 4 hours. However, his approach
string. However, such approach cannot guarantee that evergan only design short probes. Furthermore, his approxima-
probe does not cross-hybridize, that is, it cannot ensure ev+tion is loose and some good probes may miss out.
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1.2 Our Result gram software has been accepted and is currently used by
the Genome I nstitute of Singapore.

Our algorithm selects good probes based on the criteria
of homogeneity, sensitivity and specificity as proposed by 2 Probe Design Problem
Lockhart [15]. The homogeneity filter eliminates probes
that hybridize at a temperature that is out of the experi-  This section first formally defines the probe design prob-
ment temperature range while the sensitivity filter elimi- |em. Then, the framework of our algorithRindProbe is
nates probes with secondary structures. This ensures thagresented.
the probes are able to hybridize with their intended targets

at the experiment temperature. 2.1 Definition
Specificity filter eliminates probes that cross-hybridize.
This step is very computational intensive and takes up the  Given a set of geneS = {g1, g, ..., g, } and a param-

most time in probe design programs. However, by the eterm which specifies the length of the probes, the probe
use of the Pigeon Hole Principle, we sped up the speci-design problem finds, for every gepg a lengthm probe
ficity filter greatly. Our algorithm only finds and checks (that is a substring of;) which satisfies (1) Homogeneity,
exact regions in the genome that potentially cause cross{(2) Sensitivity and (3) Specificity.
hybridization. Since these regions are small compared toHomogeneity: Temperature is one of the important exper-
the entire genome, we avoid redundant checks. Mostimpor-iment conditions to ensure a probe can hybridize. We se-
tantly, our approach is not a heuristical approach and thus islect probes whose melting temperature are close to the ex-
able to filter all “bad” probes. periment temperature. CG rich sequences are susceptible

Oligonucleotide expression arrays consist of short oligo to non-specific interactions that may reduce reaction effi-
arrays of 20 bases (Affymetrix geneChip) and long oligo ciency. Thus, the CG content of good probes should not be
arrays of 50 [11] or 70 bases [5]. Our algorithm can select too high or too low [18].
probes efficiently for both short and particularly long oli- Sensitivity: Sensitivity, the ability to detect low-abundance
gos for very large genomes. In one experiment, 173 genesnRNAs, is a key performance feature of microarrays.
with a total length oB.5 x 10° bps were compared with the  Probes that form significant secondary structures jeopar-
1.4 x 10° bps human genome. The length-60 probe set for dize sensitivity. Thus it is important to reject probes with
the 173 genes was generated in 21 hours. For more comhigh self-complementariness and select probes with mini-
monly tested genomes, Table 1 summaries the relative permal secondary structure. To do this, the free energy for each
formance of our algorithm with the algorithms mentioned probe is computed based on the nearest-neighbor model [2].
in Section 1.1. The free energy for each probe should be as high as possi-

The experimental results show that our algorithm is ble.
much faster than existing algorithms. For E.coli, even Specificity: Specificity identifies probes that are unique to
though 50-mers take a longer time to compute than 23-mersgach gene in the genome. Tleisndition minimizes cross-
our algorithm is 830 times faster than Li and Stormo’s al- hybridization of the probes with other DNA sequences. A
gorithm. For S. cerevisiae, our algorithm finds 50-mers 43 length+n substrings, of a geney, is defined to be specific
times faster than the algorithm by Rouillard, Herbert and to the gene if the distance between the segmgngnd any
Zuker. In large genomes such as Neurospora crassa, our alength segmens, from gene g,, where ¢, # g;), does
gorithm performs about 1.7 times faster than Rahmann’s al-not exceed some pre-specified limit under some predefined
gorithm. Most importantly, unlike other algorithms which distance measurement. Our program uses the Hamming dis-
sacrifice accuracy for speed by the use of heuristics, ourtance as the similarity measurement. For two stringsd
non-heuristical algorithm is able to achieve both speed andt, the Hamming distanc# (s, t) is the number of positions
accuracy. Thus, we can get a more reliable probe set in awhere the characters at corresponding positions of the two
much shorter time. Currently, the production of an microar- strings differ. Thus, if the Hamming distance between a
ray is a long and tedious process of lab testing to find the probe and every subsequence in the genome is greater than
probes unique to each gene. Our algorithm can greatly re-some constant, the probe is said to be specific enough.
duce the time scientists spend on lab-testing each gene for
probes and increase microarray throughput. This will even-2.2  Algorithm FindProbe
tually lead to a faster production of more accurate microar-
rays which will no doubt be invaluable in the fight against ~ This paper proposes a new algoritkimdProbeto solve
diseases and genomics research. the probe design problem.

We have developed a prograandProbe which makes The algorithm is based on probe elimination. Initially,
use of our algorithm to select probes for genomes. The pro-we assume for every gemng, every lengthm substring of
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Li and Stormo | Rouillard, Herbert and Zuke Rahmann Our algorithm
BIBE, 2000 Bioinformatics, 2002 " WABI, 2002
E. coli 23-mers 50-mer
1.5 days 3.1 minutes
S. cerevisiae 24-mers 50-mers 50-mers
4 days 1 day 49 minutes
Neurospora crassd 25-mers 50-mers
4 hours 3.5 hours

Table 1. Comparison between our algorithm and other algorithms

g; is a feasible probe. “Bad” probes are filtered out using
the following 3 steps:

1. Filter oligo probes in the genome which fail to satisfy
homogeneity criterion.

. Filter oligo probes in the genome which fail to satisfy
sensitivity criterion.

. Filter oligo probes based on the specificity criterion
using the Pigeon-Hole Principle. This is to remove
probes that can cross-hybridize with any of the sub-
sequences in the whole genome.

In addition, the content of any single base in a probe
should not exceed 50% [18]. Formally, we should keep
% < C + G content< r,% wherer; andry are user
defined percentage ranges. Typically, werset= 40 and
ro = 60.

Since the computation of melting temperature, hy-
bridization temperate and CG content requires only a single
pass of the probe sequence, the homogeneity of a probe can
be determined in linear time.

4 Senditivity Filtering

Sensitivity filter eliminates probes that form secondary

The rest of the paper details Steps 1 to 3 in Sections 3 gy ctures. We use a simplified secondary structure predic-

5 respectively.
3 Homogeneity Filtering

Homogeneity criterion requires the melting temperature

for every probe should be within some pre-defined range.
This is important because probes in a good probe set need

to hybridize with their intended target at about the same
temperature. In our algorithm, the melting temperaflije
for a lengthm probep is computed based on the nearest-
neighbor thermodynamic parameters [21] and given by

AH(p)

AS(p)FRxlog(Cr) 273.15 + 16.6log(Na™)

Tin(p) =
where R is the molar gas constgit987cal /°C x mol)
and Cr is the total molar concentration of the an-
nealing oligonucleotides when oligonucleotides are self-
complementary. For non-self-complementary oligonu-
cleotides,Cr is replaced b)%. Na™ is the salt concen-
tration of the solution in which the oligomers are dissolved.
AH (p) andAS(p) are the enthalpy and entropy for helix
formation ofp respectively .

Subsequently, the optimal hybridization temperaflife
of p is determined fronT,,(p) by

Th(p) = Tin(p) — 25 — 0.62(CF)

where(Cr is the formamide concentration of the solution
[12].
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tion algorithm to determine whether a probe can form sec-
ondary structures. Taking a segment of lengtfrom the

3’ end of each probe, if it can form a consecutive length
complementary segment with itself, it is said to have a sec-
ondary structure. We eliminate such probes. This is shown

in Figure 1.

complementaries
y bases

X bases

Figure 1. Diagram showing how a gene sub-
sequence form a secondary structure

In this filter, we want to eliminate probes which are able
to fold back on itself, thus foring a U-shaped structure as
shown in Figure 1.z specifies the length from 3’ end of
each probe to check for complementaries. A highealue
results in a more stringent sensitivity filter as we are check-
ing a larger portion from the 3’ end of each probe for com-
plementaries.y specifies the number of consecutive com-
plementaries allowed in the length3’ end of each probe.
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