




eliminate many of the problems associated with traditional sequencing technology and also

those with oligonucleotide microarray technology. Second-generation sequencers are able to

sequence more quickly and at lower cost in terms of both money and labor. New

sequencing technologies are developed to sequence at greater depth, meaning that aclone

can be sequenced from a sample even when that clone exists at very low abundance (i.e. 1

molecule per cell).

Several second-generation technologies have been developed using diverse methods. Two

recent second-generation sequencers are from 454 Life Sciences (Roche Diagnostics) and

Solexa (Illumina). The 454 sequencers use an emulsion method for DNA ampli�cation and

a pyrosequencing protocol for sequencing by synthesis (SBS) at picolitre-scalevolumes.

Current 454 sequencers can produce 25-50M nt of sequence in a single run, in the form of

reads with length up to 500nt (a number expected to increase), enabling this technology to

be used forde-novosequencing in addition to re-sequencing [1].

Solexa/Illumina 1G sequencers also use sequencing by synthesis, with DNA ampli�ed on

the surface of a 
ow cell, resulting in a random array of dense clusters [2]. The Solexa

technology is faster and cheaper than that used in 454 sequencers, producing 1G

nucleotides of sequence in one run but producing much shorter reads. Each individual read

is roughly 25 to 50 bases in length (also expected to increase slightly in coming years).

The Solexa sequencing technology has recently started producing breakthrough results.

Research described in [3] and [4] employed Solexa sequencers to obtain high-resolution

genomic maps of several histone modi�cations, as well as localization data for the

DNA-binding proteins. E�ectiveness of ChIP-sequencing has also been demonstrated

by [5], who used Solexa sequencing to obtain locations of STAT1 binding sites in HeLa S3

cells before and following IFN-
 stimulation.

Mapping reads from the Solexa sequencer presents an obvious algorithmic challenge: tens

of millions of reads must be mapped to a large (e.g. mammalian) genome in a reasonable

amount of time. Strong e�orts to design short-read mapping algorithms have resulted in

methods that are e�ective in particular contexts. The mapping algorithm implemented as

part of the Solexa analysis pipeline is named ELAND (E�cient Large-Scale Alignment of

Nucleotide Databases). ELAND is optimized to map very short reads, with length at most
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Evaluating mapping accuracy
Measuring mapping accuracy

In measuring mapping accuracy, we want to quantify both sensitivity and specificity by

using reads sequenced from DNA samples from selected genomic regions instead of the

entire genome. By mapping those reads to the genome, we can evaluate how accurately

they are mapped to the target region. However, there are theoretical and practical limits to

how well these can be measured. Inability to map a read correctly can be attributed to

sequencing errors (arising from any part of the experiment), to variation between the

sampled genome and the reference genome, or can result from ambiguities caused by

repeats in the reference genome. These diverse sources of error make it difficult to measure

accuracy in terms of traditional sensitivity and specificity.

Ambiguous reads, under a given mapping criterion, are reads that map to more than one

location in the reference genome. Reads that map to a single location are called uniquely

mappable (or simply mappable) reads. All reads that are not mapped uniquely to some

location in the reference genome are said to be unmappable (which includes ambiguous

reads). We define target region coverage (or simply coverage) as the number of bases in the

target region covered by at least one mappable read, divided by the total number of bases

in the target region. In order to compare the coverage values for different read lengths, we

use only the first base of each read to represent that read. By counting bases covered,

rather than number of reads that map to the target region, greater target region coverage

is achieved when the reads map uniformly in the target region. We define mapping

selectivity as the number of mappable reads that map inside the target region, divided by

the total number of mappable reads. A read is said to map inside the target region if any

part of the read overlaps the target region. The selectivity shows how well the mapping

criterion places mappable reads inside the target region. In this study, when we refer to

mapping accuracy, we are referring to both coverage and mapping selectivity (and we

formally treat accuracy as the mean of these two measures).

Evaluation data

We used the data from samples of two BACs provided for sequencer validation by Solexa,

which covers 162kb of the chromosome 6 MHC region in an A1-B8-DR3 alternate
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a model would be trained to identify the location from which each read was derived.

Although the best mapping criteria may not be amenable to high-throughput computation,

some approximation of those criteria could be developed. Cross-validation and the use of a

wide range of data sets could be used to ensure that the trained criteria are sufficiently

general. In practice such a procedure would require high-quality training data, and an

extreme amount of computing time to train and evaluate such models.

RMAP does not consider insertions or deletions (indels), which are potentially important

in certain sequencing applications (e.g. indel polymorphisms). The straight-forward

strategy for handling indels is to extend initial seed matches using a Smith-Waterman-style

alignment, as is commonly done in database search programs like BLAST [10]. For short

reads, with length ≤50 bases, providing this greater flexibility will require careful

investigation into scoring the alignments, because using simple scoring schemes for indels

may result in higher rate of false-positive mappings and ambiguities. In addition, because

indels have nothing analogous to the base-call quality scores, it will be more difficult to

distinguish errors from real genotypic variations during the mapping stage of analysis.

We have observed that data sets containing a high proportion of low-complexity reads,

such as single nucleotide repeats, cause a decrease in execution speed of RMAP. This is

explained by such low complexity seeds resulting in a large increase in the number of full

comparisons (between reads and regions of the reference genome), that are induced by

these highly-common seeds. The exclusion strategy used in RMAP is also heavily used by

popular programs for searching sequence databases. Research effort toward improving the

structure of seeds used in these algorithms has also led to improvements in the algorithms

themselves [11], and similar improvements might be observed by developing seeds

specifically for the short read mapping problem.

The filtration strategy used in RMAP can also be extended to “multiple filtration”, as

described by [12]. This uses multiple criteria for excluding possible mappings, and would

result in the algorithm performing fewer full comparisons between reads and genomic

regions. Unlike many other applications of approximate matching, the extreme volume of

data that must be mapped means that algorithms for mapping reads must be conscious of

the memory required. In the framework of RMAP, the most straight-forward
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Methods
Design of the RMAP algorithm

In this section we describe the algorithmic strategy used in RMAP. We treat the mapping

problem as approximately matching a set of patterns in a text – the set of patterns being

the reads, and the text being the genome. This problem has been well studied, and several

general algorithmic strategies have emerged for solving it (see [13] for a detailed

treatment). The major motivation for developing the RMAP algorithm was to incorporate

base-call quality scores to weight mismatches and improve mapping accuracy. In addition

to having high mapping accuracy, RMAP was designed under the restrictions that it must

be capable of (1) mapping reads with length exceeding 50 bases (for the applications

discussed in the introduction), (2) allowing the number of mismatches to be controlled (not

being restricted to a small fixed number), and (3) completing mapping tasks under

reasonable time constraints on widely available computing hardware.

The algorithm implemented in RMAP uses the filtration method described by [14]. For

reads of length n, and mapping with up to k mismatches, each read is partitioned into

k + 1 contiguous seeds (each seed is a substring of the read, and has length ⌊n=(k + 1)⌋).

Because there can only be k mismatches in a mapping, and there are k + 1 seeds for each

read, any mapping must have at least one seed with no mismatches. The algorithm first

identifies locations in the genome where the seeds match exactly. Exact matching can be

done much more quickly than approximate matching, and evaluating the approximate

match between a read and a genomic region only needs to be done for those regions

surrounding an exactly-matching seed.

To efficiently implement the filtration strategy, RMAP pre-processes the set of reads,

building a hash-table (which we refer to as the seed-table) indexed by the seeds. The table

entry for a particular seed lists all reads containing that seed, along with the offset of that

seed within the read. For a set of r reads, each having length n, if k mismatches are

allowed in the search, the seed table has size O(4n=k + rk ). The mapping proceeds by

scanning the genome, with a window of size equal to the seed size. Each segment of the

genome is tested as a seed by hashing that segment to determine the set of reads that must

be compared in their entirety with a larger genomic region surrounding the segment of the

genome currently being scanned. This is a common strategy to implement the filtration
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