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Abstract

An algorithm to predict Smith-Waterman local alignment scores

in linear time using binary frequency vectors is presented. In order to

maximize prediction ability, discrete SPSA was used to estimate the

optimal algorithm parameters. The optimization process employed

Monte Carlo random sequences and the results were validated using

real sequences. The score correlation using real sequences was 0.90

with a ROC score of 0.745. The resulting algorithm may be suitable

for realtime alignment visualization on commodity graphics processing

units.

1 Introduction

Biological sequences with a common structure or function are said to be

homologous. While it is frequently of interest to determine whether two nu-
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cleic acid or protein macromolecules are homologs, it is currently intractable

to predict functional similarity using sequence information alone. Quantify-

ing the extent to which the sequences themselves are similar, however, can

serve as a useful proxy for putative biological homology. The mapping of sim-

ilar regions between sequences is called an alignment, and the quantification

of the degree of sequence similarity results in an alignment score.

In some applications, a mapping that covers both sequences in their en-

tirety is desired, even if the sequences are of different lengths; such a mapping

is called a global alignment. Conversely, allowing arbitrary subsequences to

align to each other yields what is called local alignment. Due to evolution-

ary differences, local alignments are frequently desired when dealing with

experimental biological data. The parameters used to score an alignment are

known as a scoring system. Given a scoring system, the score of an optimal

local alignment can be determined exactly using the Smith-Waterman (SW)

dynamic programming algorithm [8]. Since the quadratic running time of

the SW algorithm is prohibitively expensive, heuristics and approximation

algorithms are used in practice.

A large class of such approximation algorithms employ so-called n-gram

techniques, which first find short regions of exact alignment called seeds;

these seeds are then used to grow larger alignments. The Basic Local Align-

ment Search Tool (BLAST) [1], developed by the National Center for Biotech-

nology Information (NCBI), is one such algorithm, and is widely considered

the de facto standard for computing local alignments. While n-gram tech-
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niques operate entirely in the spatial domain, other algorithms employ spec-

tral techniques. Some algorithms utilize the Fourier transform [5]; other

algorithms employ so-called k-mer counting techniques [2] [9], which com-

pare histograms of the occurrences of substrings of length k. Such spectral

algorithms are typically used to study protein similarity, but there have been

recent attempts to apply these methods to nucleotide sequences [4].

2 Motivation

Due to implementation issues, the working set of n-gram algorithms of-

ten exceeds the size of the cache on contemporary processors. Since k-mer

counting algorithms rely on histograms, they discard some of the spatial in-

formation, reducing the amount of data that must be stored. As the value of

k grows large, the expected number of occurrences of a particular substring

of length k grows small [7]. It follows that, for sufficiently large values of

k, binary histograms may be used without losing much information, further

reducing the amount of data that must be stored.

Generating a binary k-mer histogram is equivalent to a sequence of bit

set operations. Similarly, given two binary k-mer histograms, computing

the number of common k-mers is equivalent to counting the number of set

bits in the intersection of the histograms. Such an algorithm has linear

asymptotic complexity. Since only bitwise operations are used, the binary

k-mer histogram algorithm can run efficiently on simple hardware.
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I hypothesize that, with the proper choice of parameters, k-mer counting

techniques using binary histograms can be used to evaluate DNA sequence

similarity. Specifically, I will show that the score approximation determined

by k-mer counting correlates with the optimal score determined by dynamic

programming.

In order to maximize this correlation, it will be necessary to optimize

the parameters of the k-mer counting algorithm. Since it is not practical

to evaluate the algorithm at every possible combination of parameters, it is

necessary to apply numerical optimization methods. Parameter optimization

will be conducted using Monte Carlo random sequences and final validation

and evaluation will be conducted using real sequences. Due to noise inherent

in the Monte Carlo process, stochastic optimization techniques must be used.

3 Monte Carlo simulation

3.1 Sequence generation

Each evaluation of the loss function involves computing the correlation

between k-mer scores and SW scores. Each evaluation requires the generation

of n pairs of sequences. Each pair is made of a randomly-generated sequence

and a mutated version of the same sequence. Mutations are modeled by

point mutations and point insertions/deletions (indels). Non-coding regions

of DNA, known as introns, were also simulated by inserting runs of random
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sequence. Mutation and indel probabilities of 15% and 1%, respectively,

yielded sequences with realistic alignment properties.

3.2 Score correlation

The exact Smith-Waterman score and k-mer score approximation is com-

puted for each sequence pair. After log-transforming both scores, the score

correlation is then defined as the correlation coefficient of all sequence pairs

examined.

3.3 Noise characteristics

The noise associated with measuring this correlation is approximately

normally distributed (Figure 1) and decays as 1√
n (Figure 2). This is a direct

result of the Central Limit Theorem, which implies that

√
k(X̄k − µ)dist

−→
N(0, Σ), k →∞

[10]. Choosing n = 75 yielded acceptable runtimes at approximately 5%

noise.

3.4 Implementation notes

All simulations were performed using the MATLAB Bioinformatics Tool-

box. Further tests were performed using an application written with the
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Figure 1: Normal plot

Figure 2: Noise standard deviation vs. # of MC iterations
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NCBI C++ Toolkit.

4 Parameter optimization

4.1 Parameter selection

The parameters to be optimized are the word size and the sequence length.

Increasing the word size increases the amount of spatial information at the

expense of lower resolution [7], while increasing the sequence length increases

the density of the histogram. Intuitively, the histograms contain no informa-

tion if they are completely empty or completely saturated.

4.2 Loss function

In order to cast this optimization problem as a minimization problem,

the loss function is defined to be the negative of the score correlation defined

above.

4.3 Algorithm selection

A priori, it was not known whether the loss function was either well-

behaved or multimodal. A rough exploration of the space revealed a convex,

bowl-like shape. Despite its low dimensionality, since the problem exhibits

some structure and regularity, SPSA was chosen over a random search algo-
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rithm [10].

4.4 Gain selection

Due to the discrete nature of this problem, I implemented SPSA with

fixed gains [3]. Since the parameters being optimized are on different scales

numerically, I chose to use vector gains. Using the Monte Carlo noise es-

timates, the SPSA “c” gains were chosen such that Bernoulli perturbations

landed on valid grid points; the slope at two grid points was used as a proxy

for the gradient. The SPSA “a” gains were then chosen manually to give

good performance.

4.5 Constraints

From the standpoint of software implementation, practical values of the

word size range from approximately 4 to 16. While no such restrictions apply

to the tile size, they were bounded above by 4000 to keep the Monte Carlo

running time manageable. In the context of SPSA, these limitations were

implemented as hard hypercube constraints.

4.6 Global vs. local

Restarting the optimization process multiple times from different areas of

the search space converged to similar results (Figure 3). While these empir-

ical observations do not prove that better solutions do not exist elsewhere,
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Figure 3: Example SPSA realization

particularly given the constraints, they provide some confidence that there

is a single global optimum in the domain of interest.

4.7 Convergence

The SPSA process was allowed to run for 50 iterations per replication.

Typical realizations approached the optimum after 25 iterations.

4.8 Results

Running 30 independent replications of the discrete SPSA process gave

a mean initial loss value of 0.59 and a mean terminal loss value of 0.78. The

standard deviations were approximately equal at s=0.065. A t-test easily

showed (t = 11.38, p = 2.2 × 10−12) that the optimization process signifi-

cantly improved the value of the loss function. Due to the discrete nature

of the problem, it is not appropriate to compute a mean parameter vector;

computing the medians instead yielded a word size of 9 and a sequence length
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of 2254.

5 Validation

5.1 Data used

Using the parameters obtained from SPSA optimization, the binary k-

mer frequency algorithm was tested on a set of 143 sequence pairs. The first

sequence of each pair is a human mRNA sequence drawn from the NCBI

Reference Sequence Database (RefSeq)[6]. The second sequence of each pair

is a non-human mRNA that was shown to have a significant alignment to the

first sequence with BLAST. The sequences were chosen such that there are

no significant alignments between sequences that are not in the same pair.

5.2 Score correlation

The score correlation improved from 0.78 for randomly-generated se-

quences to 0.90 for real sequence pairs (Figure 4), despite the fact that the

real sequences were not of uniform or optimal length.

5.3 ROC curve

The k-mer scoring algorithm can be used to answer classification problems

by applying a score threshold. The number of true positives can be evaluated
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Figure 4: Score correlation

Figure 5: ROC curve

by running the k-mer algorithm on the sequence pairs that are known to

contain alignments; similarly, the number of false positives can be found by

running the k-mer algorithm on the sequence pairs that are known not to

contain alignments. Repeating this process for various values of the threshold

results in a plot of true positives vs. false positives, commonly known as a

Receiver Operating Characteristic (ROC) curve. The ROC score, defined as

the area under the curve, is 0.745 (Figure 5). A score threshold of 8 resulted
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in a true positive rate of 0.89 and a false positve rate of 0.28.

6 Conclusion

Discrete SPSA converged to optimal parameters for the binary k-mer

counting algorithm. Using these parameters, the binary k-mer counting al-

gorithm was able to predict the score of optimal local alignments in real

sequences. While insufficiently accurate for rigorous sequence analysis work,

the implementation simplicity of such methods makes them promising for

realtime alignment visualization.

7 Future work

Since fixed gains are used, SPSA can never truly converge to the true

optimum. It would be reasonable to divide the optimization into two phases,

the first phase consisting of 25 iterations that drive to the optimum, and

another 25 iterations used for the purposes of iterate averaging. It may

also be desirable to optimize the ROC score directly by using it as the loss

function during parameter optimization.
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