


method is to count common occurrences of oligomers
in the fragment and the candidate matching sequence
(Lennon & Lehrach 1991; Drmanac et al. 1991); the
second method is to reconstruct the sequence (com-
pletely or partially) based on oligomer overlaps and
then to compare the reconstructed sequence against a
candidate matching sequence (Drmanac et al. 1991).
The first method ignores shared subwords between the
oligomers altogether, while the second method utilizes
shared subwords (oligomer overlaps) for the purpose of
sequence reconstruction, which may be thought of as
an intermediate step in the process of recognition of
similarity. Most importantly, the second method con-
siders shared subwords only prior to the moment when
a candidate matching sequence is available.

In contrast to these previously proposed methods,
the newly developed method that we apply in this
paper (Milosavljevié 1995b) simultaneously considers
both shared subwords and the structure of the can-
didate matching sequence. The novelty of the recog-
nition method applied here stems from the fact that
it utilizes oligomer lists directly in a similarity search,
thus avoiding sequence reconstruction as an interme-
diate step. It has been theoretically proven (Milosavl-
jevié 1995b) that a direct recognition method achieves
superior performance in terms of specificity of recogni-
tion.

The significance of the hybridization-based recogni-
tion method stems from the ease with which large-scale
hybridization experiments can be performed. In con-
trast to gel-based sequencing and restriction analysis,
which are essentially one-dimensional separation ex-
periments, the hybridization experiments do not re-
quire one-dimensional separation and thus can be eco-
nomically conducted on a much larger scale by uti-
lizing high-density two-dimensional arrays of immobi-
lized DNA fragments (format 1 hybridization experi-
ments) or oligomer probes (sequencing chip, or format
2 experiments (Fodor et al. 1993; Mirzabekov 1994;
Southern, Maskos, & Elder 1992)). The data collec-
tion for our experiment was performed on a format 1
hybridization production line that was originally de-
veloped for the purpose of complete (Drmanac et al.
1993) and partial (Drmanac et al. 1991) sequencing
by hybridization. Data collection throughput of over
one million probe/target hybridization scores per day
can be achieved in a laboratory of small size by utiliz-
ing current hybridization technology (Drmanac et al.
1994).

In this paper we present first experimental genome-
scale verification of the recognition method. A set
of 4,513 distinct genomic E.coli clones of length 2kb
was selected out of a total pool of 15,328 clones based
on hybridization signatures with 636 short oligomer
probes. (The experiment was based on a total of
15,328 + 636 = 9,748, 608 individual clone/probe hy-
bridization scores.) For each selected clone, a list of
oligomers that are putatively identified in it was se-

lected. A database consisting of the 4,513 oligomer
lists was used for comparisons against known E.coli se-
quences. The queries used for database searches were
overlapping windows covering 40kb of known E.coli ge-
nomic sequence. A total of 8 clones that exhibited
outstanding similarity scores to particular query se-
quences were single-pass gel-sequenced. QOut of 8 pu-
tative identifications, 7 were confirmed by comparing
the single-pass sequence against the query sequence.

Methods

The sequence recognition method applied in our ex-
periment has been described in detail in (Milosavljevié
1995b). We here only summarize the most relevant
features.

In order to compare a particular oligomer list against
a particular sequence, a scoring function must be de-
signed. Our method is based on a scoring function that
utilizes potential oligomer overlaps: oligomers that sig-
nificantly overlap may contribute more toward a score,
provided their occurrrences in the candidate matching
sequence also overlap. The recognition algorithm effi-
ciently constructs contiguous stretches of overlapping
oligomers that most resemble the candidate match-
ing sequence, ignoring overlaps that do not resemble
the sequence; the final score depends on the degree
of achieved resemblance. The algorithm tolerates im-
perfect oligomer overlaps and imperfect similarity with
the candidate matching sequence.

There is a large number of DNA sequence com-
parison methods (Hide, Burke, & Davison 1994;
Pietrokovski, Hirshon, & Trifonov 1990; Pizzi ef al.
1991; Blaisdell 1986; Quentin 1994; Pearson & Lip-
man 1988) that are also based on subword composition.
Such methods may be viewed as completely opposite
of our recognition method: in such methods sequences
are broken into subwords for the purpose of efficient
sequence comparison, while in our method the set of
oligomers is implicitly treated as a sequence.

The first step of the recognition method is basi-
cally the same as the first step in sequencing by hy-
bridization (Drmanac & Crkvenjakov 1993): clones
that are few hundred to few thousand bases long are
hybridized with oligomer probes of short length un-
der conditions that enable approximate discrimination
of those probes whose complement is present in the
sequence of the clone from the probes whose comple-
ment is not present. The oligomers that are detected
to occur in the sequence by this method can then be
used to reconstruct the sequence. However, if we were
to use erroneously reconstructed sequences (even par-
tially reconstructed) for similarity searches, we may
not identify matching sequences.

The error is decreased in our method due to the elim-
ination of the sequence reconstruction step: lists of
oligomers are used directly, without any a prieri com-
mitment to a particular sequential arrangement. This
point is illustrated in Figure 1: an optimally recon-

Milosavljevic 177



structed sequence (optimal in the sense that it is the
shortest superstring with up to 2 mismatches) achieves
a score of 14 matches, a total of 4 matches less than
the recognition score of 18. The difference is due to the
fact that in case of recognition the oligomers can be
assembled so that they most resemble the original se-
quence, while the sequence reconstruction process does
not utilize the information about the candidate match-
ing sequence.

The intuitively appealing argument to the effect that
oligomer lists should be used directly in sequence simi-
larity searches can be made more formal (Milosavljevié
1995b). The formal argument is based on the fact that
sequence reconstruction is an algorithmic step, and
thus can only destroy information about the original
sequence.

While the information-theoretic argument about us-
ing the oligomer lists directly is both intuitively and
theoretically clear, it is not obvious that it is practical.
Fortunately, simple and efficient algorithms for direct
comparison of oligomer lists against known sequences
exist. One type of algorithm (described in (Milosavl-
jevi¢ 1995b)) is based on a variant of the algorithm
that was used for sequence comparisons (Milosavljevié
1995a). In the following, we verify the algorithm in a
genome-scale recognition experiment.

Experimental results

The E.coli library was prepared by partial Saullla di-
gestion followed by size selection for 2kb fragments.
The fragments were subcloned in plasmids, which were
then used for transfection of E.coli hosts. The E.coli
hosts were plated, manually picked and grown in 96-
well plates. The plasmid inserts were then amplified by
PCR. Individual PCR products were arrayed using a
robotic spotting technique at a density of 31, 104 spots
per 16 x 24 cm nylon filter as described in (Drmanac
et al., 1994).

The data used in this presentation is based on a sin-
gle type of filter. A total of 7,664 distinct PCR prod-
ucts were spotted in duplicate, occupying a total of
15,328 spots on the filter. The remaining spots on the
filter contained similar PCR products from a number of
related bacteria plus a small fraction of control clones
of known sequence; these spots were not considered in
the present study. A total of 20 physical copies of this
type of filter were made in order to be able to perform
hybridizations with different probes in parallel.

A total of 636 short oligomer probes were consecu-
tively hybridized with the filters as described in (Dr-
manac et al., 1993). Most of the probes consisted of
mixtures of 33-labeled oligomers of general formula
(N)o-2(B)7(N)o—2, where B denotes a specific base
and N denotes a degenerate position. Hybridization
was conducted under conditions that enable approxi-
mate detection of single-basepair mismatches. Phos-
phorimaging technology was applied to scan the hy-
bridized filters for radioactivity. Specialized image-
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analysis programs developed by J. Jarvis and R. Dr-
manac (unpublished) were used for automated hy-
bridization scoring and tracking of individual spots.
The complete record of the experiment, including
the hybridization scores, was then semi-automatically
stored in a Sybase relational database. The data were
analyzed by a suite of C, C++, and UNIX C-shell pro-
grams with a direct access to the database.

In order to control redundancy of coverage of the
E.coli genome, a set of distinct clones was selected
based on a clustering of hybridization signatures. A
hybridization signature, consisting of hybridization in-
tensities with each of 636 probes was compiled for each
spot. The hybridization intensities within a signature
were obtained by applying mass scaling and rank scal-
ing, as described in (Milosavljevié et al. 1995). Due
to duplicate spotting, each clone was represented by
two signatures. Approximately 20% of signatures of
poor quality were eliminated; the remaining signatures
were grouped into 4,513 clusters of highly overlapping
or identical clones by applying the clustering algorithm
described in (Milosavljevié et al. 1995). A represen-
tative member was then selected from each cluster for
inclusion in the database.

For each selected signature a list consisting of 140
oligomer probes that exhibit the highest intensities
was compiled; such lists were augmented by additional
140 reverse complementary oligomers due to the fact
that both strands of PCR products were spotted and
oligomer orientation could not be resolved. The 4,513
lists consisting of 280 oligomers each were used as a
database of E.coli genome. Known E.coli genomic
DNA sequences were then used to query the databasc.

A 40kb segment from the entry ECD077.15 in the
E.Coli Database Collection (Wahl & Kroeger 1994)
(depicted in in Figure 2) was split into overlapping win-
dows of length 2kb. Overlap between consecutive win-
dows was 1.8kb. Each of the windows was in turn used
as a query sequence for the database of 4,513 oligomer
lists.

Each query sequence was compared against the
oligomer lists using the method described in (Milosavl-
jevi¢ 1995b). The degree of match between an oligomer
list s and a target sequence ¢ was measured using the
scoring function I(s;t), which is an estimate of algo-
rithmic mutual information between the oligomer list
and the candidate matching sequence. Two parame-
ters were considered for each query sequence: the top
I(s;t) score with a particular oligomer list and the dif-
ference between the top score and the second highest
score, termed absolute and relative scores. respectively.
A list of all the clones that resulted in a relative score
of 10 bits or more were further considered. This re-
sulted in a list of 11 putative recognitions, as listed in
Table 1.

In order to test the accuracy of recognition, the puta-
tively recognized clones were single-pass gel-sequenced
from both ends on an ABI sequencer (average sequenc-



oligomers detected 1 GAAGTTGC

by hybridization 2 TTGCGCAT

(hybridization errors 3 GTATGCAC

are underlined): 4 “  CCACAAGT

original sequence: GAAGTTGCGCATGCACAAGT
sequencing + direct

sequence comparison

4 CCACAAGT

1 = GAAGTTGC

2 TTGCGCAT
3 GTATGCAC

CCA?AAGTTGCG?ATGCAC
FEPEREED FEEEL

original sequence GAAGTTGCGCATGCACAAGT

sequence recognition

GAAGTTGC
TTGCGCAT
GTATGCAC
~  CCACAAGT

GAAGTTGCG?AT?CACAAGT

FECEETEEE TE TEEELT
GAAGTTGCGCATGCACAAGT

Figure 1: Sequencing vs. sequence recognition. In this hypothetical example, four oligomers are (imperfectly)
detected by hybridization (top). The oligomers can be used to first optimally reconstruct sequence fragment and
then compare the reconstructed sequence fragment against the original sequence (bottom left) or to directly compare
oligomer lists against the original sequence (bottom right). Note that the optimally reconstructed sequence (bottom
left) has only 14 matching letters with the true sequence, while the same list of oligomers can be assembled so that
it achieves 18 matches with the true sequence (bottom right).

ing run was around 300bp). Three clones could not be
sequenced due to technical reasons. Correct recogni-
tion was confirmed in 7 out of a total of 8 sequenced
clones, as summarized in Table 1.

Discussion

We have presented a genome-scale verification of a
newly proposed method (Milosavljevié¢ 1995b) for se-
quence recognition by comparison of hybridization sig-
natures against known sequences. The present study
shows that the highest-scoring clones can be recognized
based on hybridizations with 636 probes if the database
contains an equivalent of multiple bacterial genomes.

While the current study does not address the prob-
lem of false negatives, we were able to recognize clones
covering about one half of the 40kb query fragment.
While the missing clones may simply not be present
in our database, we feel that additional hybridizations
would enable a significant number of additional recog-
nitions. An interesting open question, which is to
be resolved experimentally, is how many more probes
must be hybridized in order to recognize almost all the
clones covering a particular sequenced region.

The verification experiment presented here included
as a preliminary step an application of the previously
established method for clone clustering based on hy-

bridization signatures (Milosavljevié et al. 1995). The
combination of clone clustering and sequence recogni-
tion exemplifyed in our experiment provides a basis for
novel approaches to the study of genome structure and
function.

Clone clustering and sequence recognition can be
jointly applied in a novel strategy for studying gene
expression (Milosavljevié¢ et al. 1996). A currently
very popular method to study patterns of gene expres-
sion is to partially sequence randomly selected clones
from a particular cDNA library (Adams et al. 1991):
the abundance of a particular clone (indicating the ex-
pression level of a particular gene) is measured by the
number of times the clone is resequenced; the sequence
is also used for homology searches against DNA se-
quence databases. While the current large-throughput
sequencing methodology enables sequencing of hun-
dreds of thousands of ¢cDNA fragments per year, a
much more rapid and economical method is needed in
order to quantitatively study the expression of genes
across different cell types, developmental stages, and
physiological conditions. Large-throughput hybridiza-
tion experiments (Drmanac & Drmanac 1994) com-
bined with the clustering method (Milosavljevié et al.
1995) and the sequence recognition method demon-
strated in this paper provide a much higher throughput
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Figure 2: Positions of 11 windows (numbered 1-11) that exhibited highest recognition scores agaist particular
clones. The windows are positioned within the 40kb fragment from the locus ECD077.15. The window numbers
can be used for cross-reference with Table 1, which gives more detailed information.

and are much more economical. A recent study of gene
expression in infant brain (Milosavljevié et al. 1996)
confirms the viability of this new strategy.

On a more general level, as the amount of sequenced
DNA grows, a typical sequencing experiment will in the
near future typically result in the resequencing of an
already sequenced fragment. Thus, instead of obtain-
ing the information about a completely new sequence,
a sequencing experiment will result in the recognition
of similarity to an already known sequence. The crit-
ical observation here is that the amount of informa-
tion necessary for recognition is much less than for
determination of an unknown sequence: assuming a
300-basepair DNA sequence fragment, and a database
containing the complete 3,000,000, 000-basepair Hu-
man genome, the amount of recognition information
is logs 3,000,000,000 ~ 32 bits (enough to store
a pointer to the occurrence fo the fragment in the
database) whereas the sequencing experiment gives a
total of 300 * 2 = 600 bits of information, a nearly
20-fold redundancy over 32 bits. In contrast, sequence
recognition by hybridization to a set of oligomers may
give just the right amount of information in a much
more economical way. For example, an individual
clone may be simultaneously hybridized to a set of
oligomers immobilized on a sequencing chip (format
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2 hybridization experiment). The number of immo-
bilized oligomers may be chosen so as to give just the
right amount of information that is necessary for recog-
nition.
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