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Abstract
One of the fundamental components of large-scale gene discovery projects is that of clustering of expressed sequence tags
(ESTs) from complementary DNA (cDNA) clone libraries. Clustering is used to create non-redundant catalogs and indices
of these sequences. In particular, clustering of ESTs is frequently used to estimate the number of genes derived from cDNAbased gene discovery efforts. This paper presents a novel parallel extension to an EST clustering program, UIcluster4, that
incorporates alternative splicing information and a new parallelization strategy. The results are compared to other parallelized
EST clustering systems in terms of overall processing time and in accuracy of the resulting clustering.
© 2004 Published by Elsevier B.V.
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1. Introduction
The sequencing of cDNA libraries is the most common format for gene discovery in higher eukaryotes.
The goal of such a project is to utilize the sequences
derived from the cDNAs (ESTs; expressed sequence
tags) to derive a non-redundant set. This set ideally represents an organism’s entire complement of genes. The
benefits of EST-based gene discovery include the ability to rapidly identify transcribed genes, the ability to
identify exon-intron structure (when coupled with genomic sequence), and information on gene expression.
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However, different genes are multiply expressed at
different levels in cells. The presence of this “random” redundancy within the EST databases requires
a programmatic method to calculate the complement
of genes they represent. These methods (termed clustering) utilize sequence-based comparisons to determine sets of strongly similar sequences (clusters). The
primary difficulty associated with EST-based genediscovery projects is that ESTs are single-pass sequences, and as such they are relatively error prone
(approximately 3% on average [1]).
The NCBI provides an EST sequence repository
(dbEST) [2] as well as a curated and annotated gene
index (UniGene) [3] for several species, utilizing
the available mRNA and EST sequences to estimate
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the gene complement. This paper describes and
compares several programs that may be used to create
non-redundant “UniGene” sets from EST data, and
analyzes three different approaches for parallelization
of this task.

2. Background
Clustering plays an important role in large scale
gene-discovery projects. It not only saves time by identifying redundant sequences but also provides useful
information regarding gene-discovery rate [4].
There are several varying clustering methods and
tools in use today. However, the objective of all such
methods is to effectively assess the similarity between
sequences and place them into equivalence classes. Ideally, these classes correspond, one to one, onto distinct
genes. A number of other criteria, not apparent in the
primary RNA sequence data, are necessary for such
a classification. However, a sequence-based classification is highly useful. One of the most widely used clustering tools is NCBI’s Unigene clustering [5]. It uses
global pairwise sequence comparison, and a stringent
protocol for assigning closely related sequences to a
common cluster. However, it does not support incremental clustering. Hence, each clustering “build” must
begin from the same initial starting point. As the number of known ESTs in Homo sapiens currently (2004)
stands at oevr 5 million, and requires upto one month of
computation time, the benefit of performing incremental clustering becomes obvious. Also, an EST relating
to two different clusters is often discarded, overlooking
any possible alternative splice sites. A number of other
institutes and labs have developed other serial methods
for EST clustering [6–8]. The UIcluster family of
solutions (both serial and parallel) has been evolving
in a production environment at the University of Iowa
since 1997. The key characteristics of UIcluster are
incremental clustering, the maintenance of a representative element (primary) for each cluster, and a hashing
scheme to quickly identify potentially meaningful cluster matches for each newly considered input sequence.
The stringency of the clustering is a user-definable parameter, although performance is sensitive to this aspect. The parallelization of UIcluster based upon
both cluster space [9], and input space, is the main focus
of this paper.

The following is a brief description of the underlying approach of UIcluster. As each sequence is
read from an input file, it is compared against all existing clusters. This comparison is performed only with
the primary element of each cluster, where the primary
is a single representative sequence of the entire cluster (usually the longest, and therefore most informative
member). If the incoming sequence matches, or “hits”
any cluster primary, and further satisfies specified similarity criteria, it is added to that cluster. Otherwise, the
incoming sequence itself becomes the primary element
of a new cluster.

3. Approach and implementation
The performance of EST clustering is measured
both by time as well as by memory resource utilization characteristics. Although the use of a primary
sequence for each cluster significantly reduces both
these requirements, space remains a limiting factor for
large data sets. Given the nature of the problem and
the size of the data set, parallelization is an obvious
choice for the implementation of this process. Computational and memory requirements can be distributed
across several computers. This allows the software to
scale to larger problem sizes. UIcluster currently
implements two different approaches of parallelization, distributing across the cluster space and the input space. The message passing interface (MPI) [10]
standard is used for inter-process communications,
and distribution is done among multiple UNIX processes.
3.1. Parallelization on cluster space
In this scheme of parallelization, implemented in
UIcluster3, each cluster is stored on exactly one
compute node. The clusters are evenly distributed
among all nodes. When a sequence is brought in, it
is copied to all available nodes and is processed in parallel. Since each node has a different set of clusters, the
incoming sequence is compared with the divided cluster space in parallel. Each node then communicates the
best local match to all other nodes. The node with the
best match adds the sequence to its cluster space. When
no match is found, the sequence is designated as a new
cluster and assigned to one compute node.
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3.2. Parallelization on input space

Table 1
Execution time performance comparison

The input space is parallelized by dividing the sequences into N non-overlapping groups, where N is
the number of compute nodes available. Instead of distributing clusters over different compute nodes and processing each sequence at all nodes, in this scheme each
node gets a fraction of the sequences. This is similar
to running the sequential version of UIcluster in
parallel on all nodes with an abridged dataset. Each
node computes its own set of primaries. In the second stage, these primaries are compared amongst themselves and related clusters are merged. The efficiency
of this scheme is heavily dependent on the redundancy
within the dataset. If the data is highly redundant, the
clusters on each node are more likely to be merged,
involving more communication and added processing.
Alternatively, lower redundancy yields more clusters.

Number of
sequences

PaCE

UIcluster3

UIcluster4

5,000
10,000
20,000
30,000

10 min
28 min
1 h and 44 min
Out of memory

37 s
2 min and 7 s
8 min and 42 s
20 min

1 min
3 min and 28 s
12 min
25 min 12 s

4. Results
4.1. Description of experiment
To evaluate the performance of different clustering
methods, several data sets from Arabidopsis thaliana
and Homo sapiens were used. The methods compared include parallelizing on the cluster space
(UIcluster3), parallelizing on the input space
(UIcluster4), and the suffix-tree based method of
PaCE. The PaCE clustering program [8] was included
to analyze both parallel speedup and memory requirements. The publically available UniGene clusters from
NCBI were used to asses the accuracy of the results.
The system used in this comparison was a 16 node,
dual processor cluster of 500 MHz Pentium III’s, each
equipped with one Gigabyte of memory. The human
EST data set consisted of 41,197 sequences with an average length of 403 bp. The Arabidopsis thaliana EST
data set contained 81,414 sequences with an average
length of 411 bp. The latter data set was used for comparing the accuracy between the programs. The use
of A. thaliana rather than human ESTs was important
in reducing the effect of known genes on the purely
sequence-based clustering. Although performance is
critical in making the clustering results available, and
the main focus of this paper, they must also provide
an accurate reflection of the underlying mRNA tran-

scripts from which the cDNAs were derived. Details of
this analysis may be found in [11].
4.2. Performance assessment
Both memory utilization and computation time were
measured across these data sets. Table 1 presents the
execution time for the same analyses. In this comparison, UIcluster3 requires approximately one-tenth
of the time of PaCE. As the number of input sequences
increased, the relative difference in computation time
between UIcluster4 and UIcluster3 decreased.
With only 5000 sequences, UIcluster4 required approximately 60% longer than UIcluster3 on the
same set of sequences. However, on the set of 30,000
sequences, that difference was only 26%. A similar
reduction in computation time is observed between
PaCE and UIcluster3 with PaCE requiring approximately 16-fold more computation for 5000 sequences, but only 12-fold more in the data set of 20,000
sequences.
Peak memory utilization was assessed on a single
node with 1 GB of memory, using a subset of the human EST data set. Fig. 1 shows the peak memory usage
by the three clustering programs. Although the PaCE
program has to use at least two nodes (one master and
one slave node) only the memory utilization for the
slave node was measured, because it performs sequence
comparisons. Values were unavailable for PaCE with
the 30,000 EST data set, as it exhausted the available
memory. Note from this figure that the memory requirements of UIcluster4 increase faster than UIcluster3 as the number of input sequences grows. When
the same computation is run in parallel with UIcluster4, the memory requirement per node is significantly reduced, as fewer clusters must be stored.
A final performance analysis was performed using
the complete set of human EST and mRNA sequences
from human UniGene build (#159). The paralleliza-
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Fig. 1. Memory utilization.

tion on the input space method was used to predict
the final number of clusters and the computation time
required. This data set contained nearly 4.2 million sequences. The clustering, utilizing 12 nodes, requires
an estimated computation time of 100 h. For this experiment, the data set was divided into 12 files each
containing one twelfth of the ESTs. Thus each file contained roughly 400,000 EST sequences. All of the sequences longer than 1100 bp were put into a separate
file. These thirteen sequence files were first clustered
individually. The resulting cluster files were then clustered together to compute the complete set of clusters
for the 4.2 million EST sequences. Unfortunately, the
final clustering step required more memory than was
available. Therefore, the computation time of that component was estimated.

5. Conclusions
An alternative scheme for parallel clustering using
UIcluster has been described in this paper. The program is comparable in accuracy to other clustering programs, but requires less computation time. Depending
upon the nature of the data set, either of the parallelization schemes may be used to optimize the memory or
computation requirements.
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