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ABSTRACT

We present a supervised learning approach to DNA shot-
gun sequencing. The oracle (supervisor) is a set of already-
sequenced DNA strands; the output of the learning pro-
cess is a domain-specific algorithm for sequence assembly.
Our goal is to learn a fast algorithm for a given problem
domain. Our approach is to begin with a parameterized
form of a sequencing algorithm and to then learn the opti-
mal parameter values, numerical and combinatorial, for the
given domain of interest. We present experimental results
using DNA strings from H. pylori and humans, and com-
pare the results from real DNA with results obtained from
random strings. Our experiments demonstrate that consid-
erable gains in speed can be achieved without significant
loss in accuracy. Further, the resulting algorithms learned
on different input domains are distinct, illustrating the value
of developing domain specific algorithms. We also present
experimental results on the applicability of the algorithms
learned on one domain to the other domains. These results
have implications for the sequencing of new DNA-strings
given already sequenced DNA-strings.

General Terms

machine learning, optimization algorithms, DNA sequencing

1. INTRODUCTION

The String Assembly Problem, SAP, is to construct a super-
string, S, for a given finite collection C = {s1,$2,...,8n}
of strings over an alphabet X with the requirement that S
contain every s; as a substring. The members of C are of-
ten called fragments. A trivial and usually uninteresting
solution is to concatenate the fragments to get Sconc =
8182 - 8, thus, one often imposes additional constraints.
Using the notation I(s) to denote the length of a string,
if the additional constraint is to minimize (S), then one
arrives at the Shortest Superstring Problem, SSP, which is
proved to be NP-hard ([2; 10]). The length-constraint would
be useful only if the target-superstring is expected to be the
shortest one. In biological applications, this is usually not
the case.

Interest in designing efficient algorithms for SAP has mainly
been prompted by problems in data compression ([2; 13])
and computational biology ([5; 4; 16]). A combinatorial so-
lution to the DNA sequencing problem has been a topic of
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research for over a decade. The early approaches ([3; 12])
that use classical biological techniques are comparatively
slow making these methods impractical for large problem
sizes. Current approaches to DNA-sequencing often em-
ploy shotgun sequencing techniques, which are based on the
greedy merging strategy. At each step of the greedy algo-
rithm, one merges the two fragments with the largest over-
lap. This procedure is repeated until the remaining frag-
ments no longer overlap. It is well known that, at some
point, when the overlaps become “short” (and the number
of remaining fragments “small”), the greedy strategy begins
to fail' and merges fragments that are actually disjoint sub-
strings in the target superstring. Hence, a deviation from
the pure greedy strategy is necessary to achieve the cor-
rect assembly. An option is to consider multiple merging
sequences, possibly including the greedy one. In this case,
one needs to solve the problem of determining which of the
resulting candidates is “correct.” In general, the determi-
nation of the “correct” superstring (the target) is a non-
trivial problem. For DNA-assembly, one often uses addi-
tional information coming from various sources, such as STS
maps and clone-libraries. Other applications may use differ-
ent means of determining the target superstring. Hence, it
would be useful to have a general approach that formalizes
such additional information and outputs explicit algorithms
for string assembly. The final assembly algorithm only need
be successful at assembling fragments originated from a tar-
get superstring chosen from a particular domain of interest.
To this extent, one would like to be able to encode informa-
tion about the target domain into the resulting algorithm.
Thus, we restate the problem as follows.

Plausible String Assembly Problem (PSAP): Given a
collection of strings, C = {s1,...,sn~}, construct a physi-
cally plausible superstring.

To understand what physically plausible means, it is neces-
sary to consider the physical process that created the frag-
ments. For biological applications such as DNA assembly,
this physical process could be modeled in the following way.

1. The input to the physical process is a string S from
a given input domain, Z. Often, we have information
about the input domain other than what is contained
in the set of fragments C. For example, if we have avail-
able STS markers, then we know that the only possible
target strings are those in which the STS markers oc-
cur in the correct order.

'The greedy algorithm also fails to solve SSP; see [4] for
references.
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2. X copies of St are then fragmented by a fragmenting
process, P, to yield® the set of fragments C; X is usually
called the cover ratio.

{ST,ST,... ,ST} LC={$1,82,... ,Sn}
N——

A copies
Input Domain, I S, 4 C i S
The task of PSAP is to construct an algorithm that rep-
resents the inverse of the fragmenting process, P~'. Since
different strings could yield the same observed collection of
fragments, the “correct” superstring (the target) should be
picked so that the pair {S,C} is consistent with the addi-
tional information and with the physical process that cre-
ated C from S. Thus, the following two plausibility criteria
need to be enforced.

i. (Prior Information) S should be a probable candidate
from the input domain.

ii. (Physical Consistency) It should be probable that the
fragmenting process P would yield C when applied to S,
in particular, AI(S) > 3,1(si), where the cover ratio®
A is assumed to be known.

A natural approach to incorporating information about the
problem domain is to learn how to solve the problem from so-
lutions to known, representative examples drawn from this
domain. If the new instances that we eventually want to
solve are “similar” to the instances we learned on, then we
expect to be successful. This approach is adopted in our
paper: we construct an algorithm for P~! by learning, in
a supervised manner, from a training set of solutions to in-
stances drawn from the input domain of interest. Our first
step is to develop an algorithm for generating such a train-
ing set. We use a technique that we call inverse algorithm
engineering (to be discussed in detail in the next section)
to generate the data for learning P~ !. Since we learn from
examples drawn from the domain of interest, our final algo-
rithms will be domain specific. Further, any prior knowledge
about this domain and about the nature of the fragment-
ing process can be built into the learning algorithm. Our
approach is quite general; however, for the purpose of illus-
tration, we present our algorithms in the context of DNA
sequencing. Our computational experiments indicate that
accurate sequencing can be achieved in a computationally
tractable way using our learning approach.

The summary of the remainder of the paper is as follows.
First, we present a description of the learning approach,
along with the method for data generation. The follow-
ing section describes the input domains used in the initial
experiments and a modified model which conforms more re-
alistically to the currently-practiced DNA-sequencing pro-
cess. Finally, we present the experimental methodology used
and the results of the simulations. We test our learning ap-
proach by evaluating the performance of the learned algo-
rithms both on the domains for which they were designed,
as well as on different domains.

2We assume that the fragmenting is done by making a cut
at each position ¢ of St with a fixed probability p.

3Since it is possible that some fragments are lost in the
fragmenting process (due to practical considerations), some
parts of ST may not be represented in C, which leads to the
existence of gaps.
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2. PARAMETERIZED ASSEMBLY ALGO-
RITHMS.

In addition to pure greedy merges, we introduce boosted
greedy merges. Given an ordered pair of fragments (fi1, f2),
we use ¢(fi, f2)) to denote the longest overlap? of the two
strings. We say that a third fragment g certifies the merge
{fl’ f2}: if either C(C(fl, f2)7 C(fz, g)) or C(C(g, f1)7 C(fl, f2))
is non-zero. A boosted greedy step merges the certified pair
with the largest overlap. Searching for certificates makes
boosted greedy merges more costly than greedy merges, how-
ever, boosted greedy merges have a higher probability to
be true than pure greedy ones. Both, greedy and boosted
greedy merges, can be performed efficiently.

It is observed that for many applications, greedy initial steps
tend to be correct. Our experiments demonstrate that a
number of boosted greedy merges are then usually correct,
even after pure greedy merges are no longer so. However,
after both types of greedy merges are no longer reliable,
a more extensive search is warranted. This prompted us
to consider a generic assembly algorithm comprised of the
following three stages (also illustrated in the figure above).
Stage 1. Greedy. T of the initial merges are greedy.

Stage 2. Boosted greedy. [ of the following merges are
boosted greedy.

Stage 3. Restricted backtracking. After the boosted greedy
stage is completed, for the remaining M merges, the algo-
rithm outputs a list of possible superstrings developed using
a partial enumeration of the set of all possible merging se-
quences.

The third stage performs an “intelligent” partial enumera-
tion of superstrings consistent with the result of the previous
stages. The language we use to describe this enumeration
is that of backtracking coordinates. An arbitrary assembly
proceeds in a sequence of steps, each step comnsisting of a
merge between two fragments (in some cases, it is their con-
catenation) for a total of M — 1 merges. (see the example in
Figure 1 (a)). The process can be visualized using the as-
sembly tree (see Figure 1 (b)). The first step is to pick one
of the possible M (M — 1) merges (remember that s;s; and
sjs; are two potentially different merges). We rank each
merge by the length of the overlap and then sort the the
pairs in the non-increasing order of the ranks, breaking ties
by the indices of the fragments. The root node of our tree is
the collection of M fragments. Each of the possible ordered
M(M — 1) merges gives rise to M (M — 1) branches leading

“Here, when fi and f» are merged, a suffix of f is identified
with a prefix of f.
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Figure 1: An example assembly problem and its associated
assembly tree. The merges are ordered according to the
length of the merge and then according to the length of
the resulting merged fragment with ties being broken lexi-
cographically.

to potentially different collections of M — 1 fragments, and
these form the first level nodes. This process is recursively
continued to generate the entire assembly tree, the leaves of
which are fully assembled candidate superstrings. A path
from the root to a leaf is a sequence of merges, and can be
indexed by the branches traversed, with the left-most being
branch 0. The vector of these indices forms the backtracking
coordinates of the leaf; see Figure 1 (b).

If the parameters 7,3, and a set b = {(b1,b2,...)} of back-
tracking coordinates are fixed, the generic three-stage al-
gorithm becomes a well defined algorithm for the assembly
problem. Our learning model for sequence assembly is a
collection of such algorithms. After learning is done, we
will have picked a specific member from our learning model,
based upon the training set (to be described shortly). Ex-
periments show that the optimal values of these parameters
can be widely different for different input domains. Fur-
thermore, they change for different fragmenting processes,
P. Thus, any single specification of the parameters would
likely yield an algorithm which, for a given input domain
may or may not be accurate in terms of consistently as-
sembling the fragments into the correct target superstring.
We solve the parameter specification problem by designing a
learning algorithm that extracts a set of parameters suitable
to the given domain from learning data.

The learning algorithm we develop is an expansion of that
in [7], and we follow the methodology of using supervised
learning for constructing efficient and accurate optimization
algorithms originated in ([1; 8; 6]). We operate within the
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Procedure Generate_Data
{ for (1 =0;i < T;i++)

Generate target superstring St, € Z;
Generate the fragments C; using P;
Obtain # of true greedy merges (7);
Obtain # of true boosted greedy merges (8;);
Obtain # of remaining merges (M;);
Reorder remaining merges by overlap length;
Obtain the backtracking coordinates(b;)

of St; according to this reordering.

Store (C;, 7, Bi, M, b;)

PAC® learning paradigm [14] which assumes the availability
of an oracle algorithm O and an instance generator G that
are used to generate training data. For our problem, we
need a training data set of the form

D = {Ci,7i, i, bi }i1 (1)

where each C; is a collection of fragments generated from
the domain of interest, the correct values for 7, 5, M and b
are provided by the oracle and T is the number of training
samples. Using D, one then learns a value (or set of values)
for the parameters that yield a good performance on this
input domain.

3. INVERSEALGORITHMENGINEERING

The success of our learning approach relies on the ability to
efficiently generate a data set for learning the process P,
Unfortunately, an oracle that could be used to construct a
solution to an assembly problem (such as SSP or PSAP) for
particular instances in the training set would usually entail
solving an NP-hard problem, hence learning would be infea-
sible. However, we can use a trick: we can use the inverse
of the process we are trying to learn, namely P, to generate
the data. Instead of generating a collection of strings and
asking the oracle to construct the shortest or most plausi-
ble superstring, we start by generating the superstring S,
from the given input domain (say DNA), and then gener-
ate the collection C; of substrings of St;, according to the
process P. Sr, is then used as the target® superstring for
solving PSAP on C;. One can use the known target super-
string, St;, to extract 7;, 8;, M;, b; as follows. One performs
greedy merges until a greedy merge leads to a fragment that
is not a substring of the target (obtaining 7;). One then re-
peats this procedure with boosted greedy merges (obtaining
Bi). Finally M; + 1 fragments remain. We use the following
ordering procedure at each level to construct the assembly
tree for the remaining M; merges. First, order the fragments
according to their lengths, breaking ties lexicographically.
The longest fragment is chosen and the 2M; possible merges
with it are ordered according to overlap length. Thus, we
have a systematic ordering for the branches in the assembly
tree, and, so, the M; dimensional backtracking coordinates
of the target can be obtained (b;). Note that every merge
in the restricted backtracking stage is obtained by merging

SProbabilistically Approximately Correct.

5In general, u is not necessarily the shortest superstring for
the collection St,; however, it appears, that for all applica-
tions we tried, it is close to the shortest.

page 3



the longest remaining fragment with one of the other frag-
ments. Consequently, it is computationally easy to develop
the learning data set D, hence the learning approach is at
least feasible.

For DNA sequencing, the work done by TIGR, Celera, the
Human Genome Project have made available to us a broad
range of input DNA strands. We used various samples from
these strings to model sequences coming from DNA, and for
comparison, we also use random strings to create instances
from a random domain. In the next section we describe in
greater detail the learning algorithm and the specific ap-
proach to restricting the components of the backtracking
vector, b, so that the learned algorithm will be efficient,
without much loss in accuracy.

4. ALGORITHMS

We how present the procedure Assembly
details of the learn- { Initialize();

ing algorithm to de- Greedy (1) ;

termine an appropri- Boosted_Greedy (3) ;

ate set of parameters Restr_Backtrk({b});
for a generic PSAP }

problem. Once these
parameters have been

Figure 2: Final assembly al-
fixed, they can be used

gorithm.

in a final assembly al-
gorithm as shown on the right. Procedure Initialize de-
termines the N x (/N — 1) table of overlaps for the initial
fragments. Fragments that are substrings of other frag-
ments are removed in this process. Procedure Greedy per-
forms 7 greedy merges. Typically, increasing 7 boosts the
efficiency of the assembly algorithm, at the expense of accu-
racy. Procedure Boosted_Greedy performs 8 boosted greedy
merges. The remaining merges are performed by procedure
Restr_Backtracking. At the end of the boosted greedy
stage, the remaining overlaps are small, making it difficult
to distinguish true overlaps from false ones. At this stage,
finding the target superstring requires that we observe the
results of different sequences of merges. These merge se-
quences are represented in the set of backtracking vectors
{b}, that yield the candidate superstrings.

We use a simple yet safe learning algorithm to obtain 3 and
M. For a given assembly problem, we define the Non-Greedy
Height, (NGH), as the number of fragments remaining once
stage one ends; we also define the Boosted-Greedy Height,
(BGH), as the number of fragments remaining once stage
two ends. For M, we pick the largest number of remain-
ing merges that were needed in the restricted backtracking
stage, and for 3 we pick the largest number (over all the
training instances) of remaining fragments once stage one
ends minus M.

M = max M; B = miaxﬂi (2)
7 is then defined implicitly by knowing 8 and M.
Experimentally, we find that M ~ 50, hence an exhaustive
search is not practical for the restricted backtracking stage.
However, our experiments show that most of the available
merge sequences have very low probability of being success-
ful. Thus, we should be able to narrow down considerably
the possible choices for b. Once again, we use a simple yet
safe learning algorithm as follows (we follow a strategy that
was introduced in [6]).
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Having determined M, some of the samples will have M; <
M, in which case their backtracking coordinates will have
fewer than M components. These are augmented by pre-
fixing the necessary number of 0’s to the vector to get an
M component vector for every sample. This database of
backtracking coordinates for every sample is used to elim-
inate from consideration the branches of the backtracking
tree that are unlikely to yield an optimal superstring. We
define a partial ordering (<) in the space of backtracking
coordinates by x < y iff x; <y; forall i =1,... ,M, and
we say that x is dominated by y. To complete the param-
eter specification, all that remains is to specify the set of
backtracking coordinate vectors, {b}, used as input to pro-
cedure Restr Backtracking. For this set, we will use the set
of all backtracking vectors that are dominated by at least
one backtracking vector” in our database, thus

x € {b} <= x < b; for some b; in the learning database

3)

The final assembly algorithm is then given by Figure 2 with
the learned parameters 3, M, {b} ( 7 is determined implic-
itly). The input domain and the fragmenting process play
a role in developing the domain specific assembly algorithm
(through their determination of the training data). The fi-
nal algorithm may be applied to any assembly problem, how-
ever, the best performance should be expected when applied
in the domain for which it was developed. The number of
training samples is a heuristic that we determined empiri-
cally, largely based upon practical considerations. One fur-
ther issue needs to be discussed: once we have an assembly
algorithm that outputs a set of candidate superstrings, how
do we pick one as the target? Measures for doing this will
be developed and compared in the next section.

5. EXPERIMENTS

We now present the experimental parameters and the re-
sults of testing. We used a random input domain and the
domains defined by two DNA strings collected from genomic
databases. Strings created from the random domain R,
called Random, are generated by a procedure which selects
characters of the string at random according to the uni-
form distribution. The other domain, termed DNA, uses se-
quenced DNA strands as the source for target superstrings.
The strands of DNA that are used for the experiments pre-
sented here are H. pylori, and Human Chromosome 22. The
length of the former is close to 0.5 million base pairs and
that of the latter is close to 32 x 10° characters in length.
Substrings of H. pylori form the domain P; the substrings
of the Chromosome 22 form the domain H.

We have two different criterion for picking from among our
candidates. The first is length. The second is a purely sta-
tistical measure, using the following procedure:

e Given a set of fragments, calculate the frequency distri-
bution of each character in regards to the entire system
of fragments. Call these values Ag4,...,Ar.

e For every candidate in C, calculate the frequency dis-
tribution of each base. Call these values 04, ... ,dr.

"This condition eliminates the need for explicitly enumerat-
ing all vectors of the database.
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e Choose the candidate which minimizes the differences
between the frequency of the fragments and its own
frequency. That is, find the candidate that minimizes
the criterion function

K=Y (0 —Ad)’

a€A

In our experiments, the substrings were generated with lengths
that range from 100,000 to 500,000 at intervals of 50,000.
All experiments were performed on Ultra-SPARC 10 work-
stations running Solaris 5.8. For all domains, random and
DNA-based, 100 randomly selected substrings were used as
superstrings for learning. An additional 100 strings were
used as targets for testing purposes. Cover ratios used for
are fragment systems were 5.0 and 6.0; they were chosen
because of the efficient and accurate databases produced by
our algorithms.

Every version of Assembly was tested on the domain that
was used for its training, but also on “wrong” domains. Dur-
ing testing, the algorithms were given the collections of frag-
ments, but not direct knowledge of the superstrings, as was
the case for learning. The knowledge of the superstrings
allowed us to evaluate the approximation ratios of the al-
gorithms by comparing the results found by the algorithm
with the lengths of the corresponding superstrings. Since
the experiments showed no significant difference in the per-
formance of Assembly learned on the three random domains,
we show here only the results of experiments related to do-
main Random.

The two main objectives of the experiments were the ac-
curacy of the algorithms on the domains and the running
time measured in terms of the volume of the database of
coordinates. In terms of the growth of the running time,
the statistics were very similar for both the length criterion
and the statistical measure. At this time, we present only
the results for the statistical measure, and leave the length
criterion data for the full paper.

The accuracy of learning is measured by an approximation
ratio. For the shortest superstring criterion, we compute
from the experiments the approximation ratio according the
following formula:

Z length(T;

N length(u

where N is the number of test-inputs (in our case N = 50);
u; is the i*" superstring used for testing; 7T} is the superstring
constructed by Assembly for the i** test. When applying the
approximation ratio to gapped fragment systems, length(u;)
is the length of the portion of :** superstring covered by the
fragment system F;.

The accuracy results for both criteria are shown in Table 1.
The results for the accuracy of assembly for gapped fragment
systems includes the information of the approximation ratio
and the number of times out of 100 trials that the best fit
set of meta-fragments according to our feasibility test were
in fact direct substrings of the original target superstring.
Since we are dealing with sets of fragments the approxima-
tion ratio compares the average length of the concatenated
set of fragments to the total length of the covered regions
of the original target superstring. Similar to the previous

tests, we are interested in testing a learned database with
a different input domain. In this case, we have tested the

Human database with the Pylori input domain, shown in
table 1.

Table 1: Accuracy of Assembly (length=500,000)
Statistical Criterion

H/H |P/P |H/P |P/H

5.0 || 1.007|92 | 1.003]95 | 1.009|84 | 1.008|88
6.0 || 1.006]92 | 1.003]97 | 1.007|89 | 1.008|92
Length Criterion
H/H |[H/P |[R/H |[R/R
5.0 || 1.003|45 | 1.005/38 | 1.0191]|28 | 1.001|48
6.0 || 1.002|45 | 1.006]36 | 1.0165|27 | 1.001|49

Every column of the table is labeled with two symbols that
show the learning domain (left) and the testing domain
(right). The two numbers of each entry in the table show the
accuracy (left) and the number of tests for which Assembly
constructed the initial superstring (right) for input lengths
of 500,000. The data show that the H-trained Assembly
performs significantly better on domains H and P than the
Random-trained Assembly.

For our statistical criterion, we use the Human Chromosome
22 and H. Pylori domains to create databases from gapped
fragment systems. Figure 3 shows the growth of the non-
greedy heights, O(n*') and O(n'-®") respectively for Ratios
5 and 6 of the Human Chromosome 22 domain. Figure 4
shows the growth of the boosted greedy bounds, O(n*°7)
and O(n'%%) respectively for Ratios 5 and 6. Figure 5 shows
the growth of the database. The growth of the database
volumes is at rates O(n?°°) and O(n**%). For H. Pylori, we
see that its non-greedy height bounds grow at rates O(n'-®%)
and O(n'*®) respectively for Ratios 5 and 6. Its boosted
greedy bounds grow at rates O(n*°") and O(n*®*)

Ratio 5.0
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{ _PYLORI_ |

Maximal Bound

100000 200000 300000 400000 500000
Input Length

Figure 3: Maximal Non Greedy Height Bound for Ratios 5.0
and 6.0
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Figure 4: Boosted Greedy Bounds for Ratios 5.0 and 6.0

6. CONCLUSIONS AND FUTURE WORK

We developed a parameterized framework for learning as-
sembly algorithms; investigating other, more efficient, pa-
rameterizations would be of interest. For example, a more
efficient procedure for the 3" stage can, in principle, be ob-
tained by more sophisticated clustering of the search area
in the restricted backtracking tree. Furthermore, the issue
of scalability of the results is important if one wants to ap-
ply the results of direct learning on superstrings of length
up to 500,000 to those of length in millions. Scaling up nu-
merical bounds is straightforward. Scaling an n-dimensional
collection of vectors contained in a database is an interest-
ing and open problem. Finally, it would be interesting to
explain theoretically (in some model) why and when inverse
algorithm engineering is effective.

In the case of DNA-sequencing, the work presented here
can be expanded in several directions. One would involve
a more general formulation of the problem, which allows
for collections of fragments covering the superstring with
possible errors, and fragments with an unknown orientation
[11]. It appears that inverse algorithm engineering would
be applicable to this formulation as well. We would like
to perform machine learning techniques to the gap closing
problem. By gathering statisticals on the size of gaps, the
number of gaps, and scaffold information, we can create a
basis for searching a pool of candidate gap-bridging frag-
ments which could finalize a set of meta-fragments. How-
ever, to make our approach applicable for assembling long
DNA-sequences (many million base pairs), we need to mod-
ify the first two stages of the algorithm. An appropriate di-
rection seems to be the development of assembly algorithms
based on analyzing k-mers, which are short subfragments of
length k (usually 18 < k < 24) (see [9], [15]).
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