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Abstract The strand separation problem is that of
calculating the probability of separation of each base
pair in the DNA sequence under specified physical
and chemical conditions. A computational method
that performs an approrimate statistical mechani-
cal analysis of this phenomenon has previously been
developed and shown to be accurate when compared
with experiments.

In this paper we propose a parallelization for the
DNA strand separation prediction problem and
evaluate the performance of two parallel implemen-
tations on a shared memory multiprocessor, one us-
ing static and the other dynamic scheduling. We
show that DNA strand separation can be efficiently
parallelized using a loop-based decomposition. For
the DNA molecule of about 4K bases we chose as
input, static scheduling performs well on up to 8
processors, but causes substantial load imbalance on
16 processors. Dynamic scheduling delivers a very

good speedup n all considered cases.
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1 Introduction

The massive DNA sequencing effort known as
the Human Genome Project has focused wide
attention on the need for accurate computa-
tional methods to search DNA sequences for
gene coding and regulatory regions. To date
most of these efforts have treated DNA as
merely a sequence from a four letter alpha-
bet and have looked for subsequences which
are correlated with function activity. However,
recent developments have demonstrated the
need for new computational models based on
the structural, physical and mechanical prop-
erties of DNA. Many important DNA activi-
ties, including its essential functions of gene ex-
pression and replication, require that the two
strands of the DNA double helix separate in
certain regions to provide access to the indi-
vidual bases that encode the genetic informa-
tion. So the stringent control of DNA strand
separation has emerged as an essential factor
in our understanding of the regulation of DNA
function.

The strand separation problem is that of cal-
culating the probability of separation of each
base pair in the DNA sequence under speci-
fied physical and chemical conditions. FExact
enumerative methods are computationally ex-
pensive, so their use is limited to sequences



that are too short to be biologically interest-
ing. A computational method, which we call
Benham’s algorithm, that performs an approx-
imate statistical mechanical analysis of this
phenomenon has previously been developed
and shown to be accurate when compared with
experiments [1, 2]. While this method is much
faster than the fastest known exact method,
for the 4K base long circular DNA molecule
we chose as input, this algorithm takes about
3 days to run on a uniprocessor. The challenge
is to improve the execution time so that the
analysis can be extended to the largest possi-
ble DNA sequences.

In this paper we propose a parallelization of
this method for calculating DNA strand sep-
aration probabilities. We show this to be an
embarrassingly parallel problem up to a certain
partitioning granularity. Although the num-
ber of tasks produced by this decomposition is
sufficiently large for medium-size parallel sys-
tems, task length is extremely variable, and
achieving an efficient parallelization requires
workload balancing. We evaluate the perfor-
mance of two parallel implementations on a
16-processor Silicon Graphics Challenge sys-
tem, one using static scheduling and the other
using dynamic scheduling. Static scheduling
performs well for up to 8 processors, but on
16 processors it suffers from a substantial load
imbalance, which flattens the speedup. On the
other hand, with dynamic scheduling the algo-
rithm performs well even on 16 processors.

The remainder of the paper is organized as
follows: In Section 2 we briefly sketch the bio-
logical and theoretical background relating to
the DNA strand separation problem. Section
3 outlines the sequential algorithm. In Section
4 we describe the parallelization of Benham'’s
method. Section 5 presents the performance
results from static and dynamic scheduling im-
plementations on the SGI Challenge. In Sec-
tion 6 we discuss issues related to the input
sequences and in Section 7 we present the con-
clusions.

2 Background

Each strand of a DNA moleculeis a linear chain
comprised of repeating units of sugar and phos-
phate groups. Attached to each unit is one of
four possible bases, abbreviated as A, G, C and
T. In 1953 Watson and Crick proposed that
a DNA molecules consists of two strands en-
twined in a double helix. In this helical duplex
structure, an A on one strand always occurs
opposite a T on the other and C is similarly
always paired with G. The genetic endowment
of an organism is encoded in the sequence of
bases of its genomic DNA. This endowment
consists of the genes, which encode the con-
struction of proteins, together with a variety of
(usually) non-coding regulatory regions. The
latter control essential physiological activities
of the DNA such as the occasions and rates
of expression of individual genes, initiation of
DNA replication and other processes.

Because the mechanisms of both gene ex-
pression and replication require access to the
individual bases within a pair, strand separa-
tion is a mandatory step in the initiation of
these processes. FEnergy is required to drive
local separation of the strands of the double
helix.

The double helix of DNA naturally twists
around an axis, undergoing one full rotation
per 10.4 bases. DNA can store energy by be-
ing over- or underwound, much as a spring
can. We call any deviation from the baseline
rate of turns per bases superhelicity, and de-
fine the superhelical parameter o to be the
number of turns by which the DNA is over
or undertwisted compared to its relaxed state,
when the conformation of the molecular central
axis is held fixed. The energy of superhelicity
can be used to drive the local separation pro-
cesses needed to access individual bases. The
DNA within organisms commonly occurs in a
negatively superhelical, undertwisted state. If
this negative superhelicity is sufficient, it can
drive local separations of the DNA duplex at
the most susceptible sites. Modulation of DNA
superhelicity has been shown experimentally to
affect many biological events, including the ini-



tiation of gene expression and replication.

A-T base pairs require less energy to sepa-
rate than do G-C pairs. Therefore, strand sep-
arations will concentrate at A+T-rich regions
within a negatively superhelical molecule.
However, superhelical stresses cannot be re-
duced to local sequence analysis. Separation
at one site alters its helicity, which changes the
level of torsional stress experienced by all other
sites. Whether a particular region separates
depends not just on its local attributes, but
also on how well a separation transition there
competes with transitions at all other sites ex-
periencing the same stress. For this reason,
the analysis of superhelical transitions requires
a global treatment of the entire molecular se-
quence. Because every base pair can separate,
there are 2V possible states of a molecule con-
taining N base pairs. So the complexity of a di-
rect enumeration of states grows exponentially
with molecular size. Finally, strand separation
is a heteropolymeric transition, meaning that
its free energy cost depends on the identities of
the base pairs involved.

The Model

A theoretical method has been developed by
Benham that uses statistical mechanical meth-
ods to predict the sites on a circular DNA
molecule where imposed superhelical stresses
destabilize the duplex [1, 2]. Sample calcula-
tions analyzing the strand separation transi-
tion in superhelical pPBR322 DNA have shown
that Benham’s algorithm gives accurate results
in a less computationally expensive manner.
Moreover, analysis of molecules on which ex-
periments detecting superhelical strand sepa-
ration have been performed yields predictions
that agree closely with the experimental re-
sults. When applied to a range of genomic
DNA sequences, the sites that are predicted to
be destabilized by stresses are usually specific
types of genetic regulatory elements.

At thermodynamic equilibrium, a popula-
tion of identical superhelical DNA molecules
will distribute itself among all its states of
strand separation, with the size of the popu-

lation of individual states decreasing exponen-
tially as the state energy increases. To eval-
uate this distribution one needs to determine
the states and their energies. No exact enu-
meration method for population size determi-
nation is known which avoids enumerating all
2N states of strand separation for a molecule
containing N base pairs. So the approach used
by Benham exactly evaluates all the low en-
ergy states, then estimates the aggregate in-
fluence of the high energy states. The state
of lowest energy Gy, is found, and a thresh-
old energy 0 is specified. All the states whose
free energies exceed G, by no more than 6
are computed. The calculated values of cer-
tain quantities then can be refined by estimat-
ing the density of high energy states to ap-
proximately evaluate the aggregate influence of
all the states that do not satisfy this thresh-
old condition. The most important quantity
to calculate is the equilibrium probability of
separation of each base pair in the superheli-
cal molecule (also called the transition profile),
as this shows the sites that are strongly desta-
bilized by superhelicity. Benham’s algorithm
guarantees an accuracy bound as a function of

the threshold 6.

Consider a DN A molecule containing N base
pairs on which superhelicity a is imposed. The
free energy of a state of strand separation of
this molecule depends on the number n of sepa-
rated base pairs, the number n47 of these that
are A-Ts and the number r of contiguous runs
of separation:

(1) G(rynar,r) = %5 (o - 2)" +
ar 4+ barnar + bac (n — nar)

This equation contains five energy parame-
ters - the torsional stiffness C, the nucleation
free energy a needed to initiate separation in a
region, the coefficient K of the quadratic free
energy associated to superhelicity, and b7 and
bgc, the free energies needed to separate one
base pair of the appropriate type. Values for
all these parameters have been determined ex-
perimentally, so there are no free parameters
in this model.



According to Formula (1), the lowest energy
state from the collection of states with n base
pairs in r runs will be the A+T richest one.
The absolute minimum free energy G, can
be found from among these states. Because
the incremental energy needed to open new
sites is higher than that needed to extend exist-
ing sites, the state of absolute minimum energy
will have a small number of runs of separation
(usually 0 or 1).

To compute the contribution of the low en-
ergy states, a threshold @ is chosen and all
states whose free energy exceeds Gpin by no
more than # are found. Because the free en-
ergy of a state depends only on the values of n,
nar and r, bounds can be found which gives
necessary and sufficient conditions for the free

energy threshold to be satisfied.
Condition 1 : ny <n < ny

ny and ny are the roots of
the quadratic inequality:
2m2CK (o — [n/A])?  +
(a+barn — Grin, — 0) <0
Condition 2 : 7 < rpee(n)
where 74, = [1 + —lei"-I-e;G(n’n’l ]

Condition 3 :

where

(47r2C + Kn) X

NAT 2 NATpmin

Gmint0—-G(n,n,r)

where n 4 oo —har

= n —

The collection of values (n, nar, r) satisfying
the above bounds forms the set of low energy
states, with which the approximate partition
function Z_,; is constructed:

(2) anl = Z

i|G(3) ~ Gmin <8

e(=G())/RT)

Then the approximate equilibrium value of
a parameter ¢ is computed to be:

3 ¢= Y ==
i|G(i) — Gmin <0
For each value of the parameters n, nar
and/or r that does not satisfy the threshold
condition a density of states estimate is made
of the aggregate contribution Z(n,nar,r) of
all states with the specified values. This can be
used to refine the calculated equilibrium aver-
age values of any parameter that depends only

on n, nar and r:

(4) ¢ =

Z (,‘e(_G(i)/RT)+Z((n,nAT,r)Z(n,nAT,r)
t|G(1) =G min <0 neg
anl+2neg

The transition profile cannot be refined in
this way because it depends on positional in-
formation. However, the density of states cal-
culation may be used to estimate its accuracy.
In calculations reported by Benham [2], accu-
racies exceeding 99% were achieved by specify-

ing a reasonably high threshold 6.

3 The Sequential Algorithm

Benham’s algorithm [2] takes as input a DNA
sequence of a circular molecule and computes
the transition profile and other important pa-
rameters in the strand separation transition for
a range of superhelicities a. The basic method
consists of three phases:

Phase 1: Sequence Preprocessing

In this phase the base sequence of the molecule
of N characters is analyzed to determine in-
formation needed at later stages in the calcu-
lation. Identification of states and evaluation
of their energetics relies on knowledge about
the locations and A+T-richness of all runs of
length ¢, up to a maximum of L., base pairs.
The molecule being circular, there are N runs
of length i, one starting at each of the N posi-
tions in the sequence. Two matrices, richness
and location with dimensions L, X IV are con-
structed. richness|i][j] is the A+T content of
the jth A+T-richest run of length ¢ and loca-
tion[i][j] gives the location of the first base pair
of that run. The richness matrix is computed
by first gathering information about the A+T
content of the different runs and applying a
counting sort procedure to order the matrix
entries for a fixed run length ¢ by decreasing
A+T-richness, which corresponds to increasing
energetic cost of strand separation. For separa-
tion transition, states involving multiple runs,
the location matrix will be used to determine
whether the runs of a candidate state overlap



or abut, or whether they are distinct and thus
determine an actual state.

Two additional matrices start and stop
with dimensions L4z X Limee are constructed.
start[i][j] and stopli][j] are the first and the last
position respectively in the richness and loca-
tion matrix where runs of length ¢ and A+T-
richness j occur.

Finally, the 3x L., matrix maz_at is com-
puted, where maz_at[i][j] is the A+T-richness
of the A4+T-richest state containing j total sep-
arated base pairsin i distinct runs. Computing
maz_al[1][j] (states with only one run) is found
in richness[j][1]. maz_at[2][j] has to consider
valid 2 run states (non-overlapping or abutting
runs) to find the A+T-richest one. Because of
large storage requirements, positional informa-
tion about A+T-rich states is not kept; com-
putation for larger number of runs will make
use of A+T-richness information but has to
re-check positional information in order to val-
idate a considered state. maz_at[3][j] considers
valid 3 run states by combining 1 run and 2
run states and checking the validity by testing
positional information.

The following two phases are executed for a
range of linking differences a.

Phase 2: Determining the contribution
of low energy states

During this phase the absolute minimum free
energy G, is computed and all states that ex-
ceed G i by no more than a specified thresh-
old 0 are found. The contribution of these
low energy states to the partition function
Zeal, equilibrium probability that each base
pair in the sequence undergoes separation p[k|
1 < k < N, ensemble averages of free energy
G, as well as other parameters is computed.
Using maz_at[r][n], the free energy of states
with n base pairs in r runs containing
maz_at[r][n] A+T base pairs is computed us-
ing Formula (3) and the minimum free energy
G min 1s chosen from the resulting collection.
To satisfy the free energy threshold criterion
G(n,nat,r) — Gpin < 8, bounds on the values
of n, ngr and r are found using the formulas

from the previous section. First the roots of
the quadratic inequality Condition 1 are de-
termined and the range of n is restricted to
values ny < n < ny. After fixing the value of
n in this range, the upper bound on the num-
ber of runs r,4; can be computed from Con-
dition 2 and na7,, from Condition 3. The
contribution to the partition function, separa-
tion transition profile, average free energy and
other parameters of all valid states having up
t0 Tpae, but not exceeding 3 runs of transition
of total length n and A+T-richness larger than
NAT,,,, are computed using matrices richness
and location.

Phase 3: Estimating the contribution of
high energy states

The partition function as well as other param-
eters like the number of runs of transition, of
separated base pairs and of separated A+T
base pairs can be refined using Formula (4).

4 The Parallel Approach

Of the three phases of the DNA strand sep-
aration algorithm described in Section 3, the
second phase in which the contributions of
low energy states are computed is by far the
most time consuming phase of the computa-
tion. This section describes how we paral-
lelized the second phase, focusing on the issues
of program partitioning and task scheduling.

Program Partitioning

For a highly iterative computation as the one
featured in this phase, loop-based decompo-
sition is the common method used for pro-
gram partitioning. In our case, up to a certain
granularity of decomposition, the algorithm ex-
hibits an embarrassing parallelism with inter-
task communication limited to task set up and
result accumulation.

The second phase of the algorithm consists
in computing the parameters characterizing
strand separation for a range of linking dif-
ferences. We chose to split the computation



into steps, each corresponding to an iteration
in this range and to partition each step into in-
dependent tasks. Within each iteration, the in-
nermost loop corresponds to the computation
of the contributions from states with a given
number of runs, total length of the runs and
A-T richness higher than a computed thresh-
old. We chose this as the basic task in our
parallelization. To eliminate repeated commu-
nication due to global data updating, we used
local accumulators on each processor. The lo-
cal accumulators are added to global accumu-
lators only once at the end of each iteration.

This partitioning allowed us to investigate
the computational profile of each iteration
which is highly dependent on the correspond-
ing value of the linking difference a.

Task Scheduling

The partitioning we chose creates enough par-
allelism (number of tasks) for a small par-
allel system. Unfortunately, the amount of
computation executed by each task is variable
and unpredictable. To avoid performance loss,
task scheduling must maintain a good work-
load balance among processes. For this study
we have evaluated two different task schedul-
ing techniques, a simple static task schedul-
ing as well as a dynamic scheduling method.
With static scheduling tasks are assigned to
processes following a round-robin distribution.
For dynamic scheduling a collection of queues
is used, into which tasks are inserted and from
which tasks are removed in order to be exe-
cuted. This collection of tasks may be either a
single centralized queue or a set of distributed
queues. A centralized queue is simpler, but
requires communication and is subject to con-
tention. With distributed queues, each proces-
sor has an attached queue and an initial as-
signment of tasks to them.

The static scheduling has negligible over-
head, but causes significant load imbalance for
larger number of processors. Dynamic schedul-
ing achieves better load balancing, provided
there is enough parallelism, but at the cost
of non-zero overhead caused by both mutual

exclusion synchronization and communication
due to task queue update.

To reduce the synchronization overhead
involved in dynamic scheduling we imple-
mented a task stealing scheme with local initial
scheduling. At the beginning of each iteration
tasks are assigned statically to local queues.
As long as it is not empty, a process executes
tasks only from the local queue, thus avoiding
communication and synchronization. When its
local queue becomes empty, the process takes
tasks from adjacent queues, proceeding modu-
larly to all queues. This technique is usually
known as task stealing and it is largely em-
ployed in irregular fine-grain shared memory
applications [3].
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Figure 1: Sequential Execution Time

5 Performance

This section describes the platform, software
environment, input, output and the perfor-
mance results as overall speedup and speedup
per iteration for 4, 8 and 16 processors.

Platform

The parallel implementations of the DNA
strand separation computation using static and
dynamic scheduling have been evaluated on an
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SGI Challenge multiprocessor. The SGI Chal-
lenge is a cache-coherent bus-based centralized
shared memory multiprocessor. The system
we used has 16 150 MHz MIPS 4400 proces-
sors, with a 16 KBytes data and 16 KBytes in-
struction direct-mapped first level cache and a
1 MBytes 2-way associative unified second level
cache. The system has 1 GBytes of main mem-
ory. Qur parallel programs are written in C us-
ing the Argonne National Laboratories (ANL)

parmacs [4] macros for parallel constructs.

Input

The DNA sequence analyzed contains 4363
base pairs and we considered a maximum run
length of 200 base pairs. This sequence is the
same as used in previous calculations [1, 2].
The energy threshold used was of 12 Kcal and
the linking difference range was between -20
and -50 turns.

Figure 1 shows the sequential execution time
for the 16 iterations which are required for
the analysis of the pBR322 sequence. Due to
the large growth of the number of considered
states, the execution time increases noticeably
up to the 8th iteration from about 40 seconds
to about 30000 seconds. For the remaining it-
erations (9th to 16th) the execution time stays

within the same order of magnitude because
the conditions result in a smaller set of states
to be considered. The total sequential execu-
tion time for the DNA strand separation com-
putation is about 3 days on a 150 MHz MIPS
R4400.

Figure 2 shows the number of tasks per it-
eration generated by the program partitioning
described in Section 4. Each iteration has be-
tween 100 and 300 tasks. This means that each
processor has to process between 6 and 20 tasks
per iteration in the 16 processor case. Task
length varies significantly from one iteration to
another, but because iterations are separated
through global synchronization barriers, only
the variation in task length within the same
iteration causes load imbalance.
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Figure 3: Separation transition profile

Output

The output parameter that provides the most
biologically useful information is the transition
profile. This is the equilibrium probability p(z)
of strand separation of the base pair at each

position z along the sequence. The probabil-
ity profile we calculated for the pBR322 DNA
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sequence at a linking difference of @ = —30
turns is shown in Figure 3. Transition is seen to
be confined to two positions, centered around
3250 and 4200 BP, respectively. These are the
precise locations where separation was experi-
mentally detected to occur in this molecule [5].

Speedup

The overall speedup values in the static
scheduling case are: 3.7 for 4, 6.4 for 8 and 7.3
for 16 processors. Using dynamic scheduling
the values of the speedup are: 3.9 for 4, 7.3 for
8 and 11.9 for 16 processors. This means an im-
provement for the dynamic scheduling method
over the static one of 5.4% for 4, 14% for 8
and 63% for 16 processors. Figures 4 and 5
show the speedup for both scheduling methods
measured separately for each iteration. In the
4 processor case the scheduling technique has
a negligible impact on performance, although
dynamic scheduling is slightly better. On 8
processors, the performance is also very good,
although the gap between dynamic and static
scheduling increases especially in the compu-
tationally intensive iterations (8 to 16). The
performance efficiency also drops compared to
the 4 processor case, particularly for the last
two iterations when the number of tasks de-

creases while the computation remains high.

If only the performance for 4 and 8 pro-
cessors had been evaluated, then one could
have drawn the conclusion that a simple paral-
lelization using static scheduling suffices. The
speedup on 16 processors (Figure 5) clearly
shows the advantage of the dynamic schedul-
ing method. Increasing the number of proces-
sors to 16 exposes more load imbalance due
both to variation in task size and limited par-
allelism. Dynamic scheduling reduced the im-
balance, outperforming the static scheduling
method by as much as a factor of 2. Neverthe-
less, even with dynamic scheduling, the pro-
gram still suffers from imbalanced work load
due to the relatively small number of tasks and
their variation in length. This granularity ef-
fect is particularly significant for the last itera-
tions, because of small number of tasks of large
size.

Speedup
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Figure 5: Speedup for 16 processors

Load Balancing

To confirm that the differences in speedup
are due to load imbalance, we plotted in Fig-
ures 6 and 7 the execution time per proces-
sor in the 16 processor case for the 10th com-
putational iteration, for which the speedup of
the two scheduling methods differed by a fac-
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tor of 1.5. We can see that the workload
is dramatically imbalanced for static schedul-
ing while it becomes well balanced when dy-
namic scheduling is employed. There is an ad-
ditional overhead for dynamic scheduling due
to task queue access communication and syn-
chronization, which makes the cumulated ex-
ecution time in the dynamic scheduling case
larger than the cumulated execution time in
the static scheduling case.

Memory requirement

To store the main matrices used in the com-
putation, the program requires approximately
7 MBytes mostly read-only data. Since the
second-level cache for the SGI Challenge ar-
chitecture is 1 MB, superliniar speedup effects
occasionally occur.

6 Discussion

Sample calculations indicate that the algo-
rithm scales approximately quadratically with
molecular length, and exponentially with the
threshold #. However, this scaling depends
strongly on the specific DNA sequence being
analyzed. Fixing # and the sequence length N,

the number of states satisfying the threshold
condition will increase rapidly with the over-
all A4+T-content of the molecule being ana-
lyzed. The computation time also depends
strongly on the distribution of A4T-richness
within the sequence. As the A+T-richness be-
comes increasingly concentrated in a single re-
gion, a given set of A4+T-rich runs which to-
gether satisfy the threshold condition becomes
more likely to contain a pair of runs that ei-
ther overlap or abut. So, many of the can-
didate states satisfying Conditions 1-3 will be
rejected because the runs involved are not dis-
tinct. In sequences where the A+T-richness
is either more evenly distributed or concen-
trated at several positions, more of the can-
didate states will be comprised exclusively of
distinct runs. Thus, the time required to com-
plete the analysis increases.
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Figure 7: Execution Time using dynamic

scheduling for iteration 10

The length of the circular DNA molecules
for which this prediction analysis is applicable
varies from hundreds of base pairs to 50K base
pairs, with the most common length around
10K.

Larger sizes of the molecules and higher con-
centration of A-Ts result in increased execu-
tion time of the algorithm, making the paral-
lel approach a stringent necessity. The experi-



ments we conducted show that even a small-
scale multiprocessor (<32 nodes) gives very
good speedup, reducing the execution time
from days to hours.

7 Conclusions

In this paper we presented a simple paralleliza-
tion approach for DNA strand separation com-
putation. Although the parallel approach does
not reduce the complexity of the problem, it is
nevertheless of practical interest for the molec-
ular biology research community because it ex-
tends the range of computationally tractable
tools for DNA sequence analysis. For example,
on a 16-processor SGI Challenge, the total ex-
ecution time for the 4K base DNA molecule we
chose as input is reduced from about 3 days to
about 7 hours.

Starting from a method and the correspond-
ing sequential algorithm developed by Benham
we implemented and evaluated two parallel so-
lutions based on static and dynamic schedul-
ing, respectively. For the chosen input the
dynamic scheduling solution outperforms the
static scheduling one by as much as 63% in the
16 processor case.
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