Development of a novel genome
informatics strategy on the basis of

Self-Organizing Map (SOM)

Takashi Abe

Doctor of Philosophy



Acknowledgments

I am deeply grateful to Prof. Toshimichi Ikemura, Department of Genetics,
School of Life Science, The Graduated University for Advanced Studies, and
Department of Evolutionary Genetics, National Institute of Genetics, for his
helpful advises and kind support throughout this work. He kindly accepted me as
his laboratory member, and he has spent a lot of time to guide me to what [ am
Now.

[ am also greatly indebted to Prof. Shigehiko Kanaya, Nara Institute of Science
and Technology, and Prof. Makoto Kinouchi, Yamagata University, for their
valuable suggestions, discussions, and constant encouragement. I am also greatly
indebted to Mr. Tokio Kozuki, Dr. Satoshi Nakagawa, and Mr. Tamotsu Eguchi,
Xanagen Inc., for their valuable suggestions and constant encouragement. I am
also greatly indebted to Dr. Atsushi Fukushima, and Mr. Yuta Ichiba, Department
of Evolutionary Genetics, National Institute of Genetics, for discussion and
constant encouragement. Acknowledgments are also made to Mr. Yutaka Ado and
Ms. Chizuko Ohuchi, Koyowa Hakko Kogyo Co., Ltd., and Mr. Akira Ohyama,
Mitsui Knowledge Industry Co., Ltd. The helpful assistance and collaborations of
Ms. Yoko Kosaka, Ms. Nanayo Ishihara, Ms. Kimie Amano, Ms. Song Jian-Ping,
and Ms. Kiyomi Kita, Department of Evolutionary Genetics, National Institute of
Genetics.

Acknowledgments are also made to Prof. Hideaki Sugawara, Prof. Takashi
Gogobori, and Prof. Toshihiko Shiroishi, Department of Genetics, School of Life
Science, The Graduated University for Advanced Studies, and Prof. Masahira
Hattori, Kitasato Institute for Life Sciences, Kitasato University, for serving on
the supervisory committee for my thesis.

I wish to express my gratitude to all the members of the Department of
Evolutionary Genetics, National Institute of Genetics, Xanagen Inc., Laboratory
of Comparative Genomics, Division of Structural and Functional Genomics,
Department of Bioinformatics and Genomics, Nara Institute of Science and
Technology, and Department of Bio-System Engineering, Faculty of Engineering,
Yamagata University.

During my study, I used the supercomputer of DDBJ, which sometimes
interrupted DDBJ activities. [ thank all the DDBJ staff for their patience in
allowing me to use the super computer.

Finally, I would like to express special thanks to my family for their never
changing support.



Contents

Acknowledgments
ABSTRACT
Chapter I: Introduction
Chapter II: Development of Novel Informatics for Unveiling
Hidden Genome Signatures
II-1: ~ INTRODUCTION
II-2:  METHODS
[I-3:  RESULTS
II-4:  DISCUSSION
II-5: SUMMARY
Chapter III: ~ Self-Organizing Map Reveals Sequence
Characteristics of 90 Prokaryotic and Eukaryotic
Genomes on a Single Map
[II-1: INTRODUCTION
I11-2:  METHODS
[I-3:  RESULTS
[11-4:  DISCUSSION
I1-5:  SUMMARY
Chapter IV: Novel Bioinformatics for Phylogenetic Classifications
of Genomic Sequences from Uncultured
Microorganisms in Environmental, Clinical samples
IV-1: INTRODUCTION
IV-2:  METHODS
IV-3:  RESULTS
IV-4:  DISCUSSION
IV-5:  SUMMARY



Chapter V:

V-1:
V-2:
V-3:
V-4:

Chapter VI:
VI-1:
VI-2:
VI-3:
VI-4:

Chapter VII:

VII-1:

References

Inter- and Intraspecies Characterizations of
Eukaryotic Genome Sequences and In Silico
Prediction of Genetic Signal Sequences
INTRODUCTION

RESULTS

DISCUSSION

SUMMARY

In Silico Classification of Gene and Genomic
Sequences of Human and Mouse according to
Functional Categories

INTRODUCTION

RESULTS

DISCUSSION

SUMMARY

Future Prospect: Application of SOM to Protein
Sequence Analyses
Prediction of protein function



ABSTRACT

With the increasing amount of available genomic sequences, novel tools are
needed for comprehensive analysis of species-specific sequence
characteristics for a wide variety of genomes. Self-Organizing Map (SOM),
which was developed by Kohonen to study memory and recall/association
mechanisms, can identify and associate similar types of information and
localize such information in close vicinity on a two-dimensional map. SOM
has been proven to be a powerful unsupervised algorithm and applied in
various fields of science and technology (e.g., complex industrial processes,
document and image databases, and financial applications) but rarely been
applied to analysis of genome sequences. In this thesis study, on the basis
of batch-learning SOM (BL-SOM), I modified the conventional SOM for
genome informatics to make the learning process and resulting map
independent on the order of data input. The initial weight vectors of the
Kohonen’s conventional SOM were usually set by random values, but the
vectors in my method were initialized by principal component analysis
(PCA) to obtain the same result between different caluculations. I furthere
modified BL-SOM to execute parallel processing with supercomputers and
PC-clusters and thus could analyze a vast amount of available genomic
sequences.In this thesis study, I used the modified SOM to analyze short
oligonucleotide frequencies (di- to pentanucleotide frequency) in a wide
variety of prokaryotic and eukaryotic genomes.

When only fragments of genomic sequences (e.g., 10-kb sequences)
from mixed genomes of multiple organisms are available, it would appear
to be impossible to identify how many and what types of genomes are
present in the collected sequences. However, I found that the modified
SOM could classify the sequence fragments according to species without
any information other than oligonucleotide frequencies. I constructed
SOMs of di-, tri-, and tetranucleotide frequencies in 1- and 10-kb
sequences from prokaryotic and eukaryotic genomes for which complete
sequences are available. SOM recognized, in most 10-kb sequences,
species-specific characteristics of oligonucleotide frequencies (key
combinations of oligonucleotide frequencies), permitting species-specific
classification of sequences without any information regarding species.

A majority of environmental microorganisms, especially those living in



extreme environments, are difficult to culture in the laboratory. Because
conventional experimental approaches have been unsuccessful, these
genomes have remained uncharacterized, and there is the possibility that
such genomes contain a wide range of novel genes that would be of
scientific and/or industrial interest. Metagenomics, which is genomic
analysis of uncultured microorganisms, has been proposed to study
microorganism diversity in a wide variety of environments and to identify
novel and industrially useful genes. In the metagenome analysis of
uncultured microorganisms, genome DNAs are extracted directly from an
environmental specimen that contains multiple organisms, and the genomic
fragments are then cloned and sequenced. With a simple collection of
fragmental sequences, it appears to be impossible to predict what kinds and
the ratios of species present in an environmental sample, to which lineages
the species belong, and how the genomes are novel. To establish SOM as a
methodology suitable to this purpose, I constructed SOMs of
tetranucleotide frequencies in 1- and 5-kb sequences from approximately
80 bacterial genomes for which complete sequences are available.
Sequences were clustered primarily according to species and to 11 major
bacterial groups without any information regarding the species. With this
SOM method, all sequences in DNA databases that were from unidentified
or uncultured bacteria and longer than 1 kb were classified into 11 major
bacterial groups. The result indicated that the method is useful also for
survey of pathogenic microorganisms causing novel, unclear infectious
diseases.

Next, I analyzed tetra- and pentanucleotide frequencies in the human
genome, and found that frequencies and distributions of oligonucleotide
sequences involved in transcriptional regulation were often biased
significantly from random occurrence. I could categorize occurrence
patterns and frequencies of known signal sequences in the human genome.
When known signal sequences from various species with sufficient
experimental data are characterized and categorized systematically with
SOMs, it should be possible to develop an in silico method to predict signal
sequences, which is thought to be most useful for identification of signal
sequences in genomes for which only sequence data are available. Because
the number of such poorly characterized genomes becomes high,
development of such an in silico method has become increasingly



important. I have developed SOM as a methodology just suitable to this
purpose.

In addition to protein-coding sequences (CDSs), the flanking regions
upstream of transcription start sites and the 5 and 3’ untranslated regions
(UTRs) have attracted attention because of their crucial roles in
transcriptional and post-transcriptional regulation of gene expression. By
combining analyses on cDNA and genomic sequences of human and mouse,
I developed SOM to characterize the six functional regions, 5’ and 3’ UTRs,
CDSs, introns, 5’ flanking regions, and ncRNAs, in these genomes and to
identify hidden sequence characteristics in the functional regions. Because
clustering power of SOM is very high, I propose that SOM can provide
fundamental guidelines for understanding molecular processes and
mechanisms that have established sequence characteristics of individual
genomes and genomic regions during evolution.



Chapter I: Introduction

It is one of the most important tasks of life science to obtain unknown basic
knowledge from information of a large amount of genome sequences. With
the increasing amount of available sequences, novel tools are needed for
comprehensive analysis of species-specific sequence characteristics for a
wide variety of genomes. Multivariate analyses such as factor
corresponding analysis and principal component analysis (PCA) have been
used successfully to investigate variation in gene sequences (Grantham et
al. 1980; Sharp et al. 1994; Kanaya et al. 1996). However, the clustering
powers of the multivariate analyses are inadequate when massive amounts
of sequence data from a wide variety of genomes are analyzed collectively
(Kanaya et al. 2001). Self-Organizing Map (SOM), which was developed
by Kohonen (Kohonen 1982, 1990, 1998; Kohonen et al. 1996) to study
memory and recall/association mechanisms, can identify and associate
similar types of information and localize such information in close vicinity
on a two-dimensional map. SOM implements nonlinear projection of
multi-dimensional data onto a two-dimensional array of weight vectors,
and this preserves effectively the topology of the high-dimensional data
space. SOM has been proven to be a powerful unsupervised algorithm and
applied in various fields of science and technology (e.g., complex industrial
processes, document and image databases, and financial applications) but
rarely to analysis of genomic sequences. This is partly because the
conventional SOM is dependent on the order of data input in the learning
process. In the case of memory, the order of data input is important, but is
not suitable for genome sequence analysis. In this and the previous studies,
I modified the conventional SOM, on the basis of batch-learning SOM, for
genome informatics to make the learning process and resulting map
independent on the order of data input (Abe et al. 1999; Kanaya et al. 2001).
In this thesis study, I used the modified SOM to analyze frequencies of
short oligonucleotide (di- to pentanucleotide) in a wide variety of
prokaryotic and eukaryotic genomes.

When only fragments of genomic sequences (e.g., 10-kb sequences)
from mixed genomes of multiple organisms are available, it would appear
to be impossible to identify how many and what types of genomes are
present in the collected sequences. However, I found that the modified



SOM could classify the sequence fragments according to species without
any information other than oligonucleotide frequencies. In Chapter II, I
constructed SOMs of di-, tri-, and tetranucleotide frequencies in 1- and
10-kb sequences from prokaryotic and eukaryotic genomes for which
complete sequences are available. SOM recognized in most 10-kb
sequences species-specific characteristics (key combinations of
oligonucleotide frequencies, i.e., genome signature), permitting
species-specific classification of sequences without any information
regarding species. In Chapter III, di-, tri-, and tetranucleotide frequencies in
90 prokaryotic and eukaryotic genomes were analyzed on a single SOM.
The separation of eukaryotic and prokaryotic sequences on a single map
could prove the resolving power of SOM, which should provide a powerful
tool for phylogenetic classification of genomic sequences obtained from
environmental uncultured microorganisms, including symbiotic/parasitic
microorganisms associated with macroorganisms.

A majority of microorganisms, especially those living in extreme
environments, are difficult to culture in the laboratory. Because
conventional experimental approaches have been unsuccessful, these
genomes have remained to uncharacterize, and there is the possibility that
such genomes contain a wide range of novel genes that would be of
scientific and/or industrial interest. Metagenomics, which is genomic
analysis of uncultured microorganisms, has been proposed to study
microorganism diversity in a wide variety of environments and to identify
novel and industrially useful genes. In the metagenome analysis of
uncultured microorganisms, genome DNAs are extracted directly from an
environmental specimen that contains multiple organisms and the genomic
fragments are then cloned and sequenced. This technology analyzing mixed
genomes is expected to be an effective, powerful methodology to
understand the diversity of microorganisms in an environment. However,
with a simple collection of fragmental sequences, it is difficult to answer
the following questions: what are the types and proportions of species in a
specimen, to what phylogenetic groups do the species belong, and how
novel are the genomes that are present in the specimen. In Chapter IV, 1
developed SOM as a methodology just suitable to this purpose and
analyzed a vast amount of sequences derived from the pooled DNA
samples obtained from the Sargasso Sea water (Venter et al, 2004)



In Chapter V, I analyzed tetra- and pentanucleotide frequencies in the
human genome, and found that frequencies and distributions of
oligonucleotide sequences involved in transcriptional regulation were often
biased significantly from random occurrence. I could categorize occurrence
patterns and frequencies of known signal sequences in the human genome.
When known signal sequences from various species with sufficient
experimental data are characterized and categorized systematically with
SOMs, it should be possible to develop an in silico method to predict signal
sequences, which is thought to be most useful for identification of signal
sequences in genomes for which only sequence data are available. Because
the number of such poorly characterized genomes becomes high,
development of such an in silico method has become increasingly
important. In Chapter V, I developed SOM as a methodology just suitable
to this purpose.

In addition to protein-coding sequences (CDSs), the regions upstream of
transcription start sites and the 5’ and 3’ untranslated regions (UTRs) of
eukaryotic genes have attracted attention because of their crucial roles in
transcriptional and post-transcriptional regulation of gene expression.
Non-protein-coding transcripts (ncRNA) are also involved in the gene
regulation or in guiding RNA modifications. In Chapter VI, by combining
analyses on cDNA and genomic sequences of human and mouse, I
developed bioinformatics based on SOM to characterize these functional
regions and identify hidden sequence characteristics in these functional
regions.

Of importance in genome analysis is prediction of the function of
proteins that are identified through genome sequencing but lack significant
sequence homology with function-known proteins, which are left as
function-unknown proteins. In Chapter VII, I describe protein analysis as
future prospect.
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Chapter I1: Development of Novel Bioinformatics for
Unveiling Hidden Genome Signatures

II-1: INTRODUCTION

In addition to protein-coding information, genomic sequences contain a
wealth of information of interest in many fields of biology from molecular
evolution to genome engineering. G+C% has been used as a fundamental
characteristic of individual genomes, but the G+C% is apparently too
simple a parameter to differentiate a wide variety of genomes of known
sequences. Oligonucleotide frequency can be used to distinguish genomes
because oligonucleotide frequencies vary significantly among genomes;
dinucleotide frequencies, for example, are shown to be genome signatures
for both prokaryotes and eukaryotes (Nussinov 1984; Karlin 1998; Karlin
et al. 1998; Gentles et al. 2001). Comprehensive analyses of
oligonucleotide frequencies in a wide variety of genomes are thought to
provide fundamental knowledge of individual genomes, namely, key
combinations of oligonucleotides responsible for the biological properties
of the different genomes and genome portions. A few researchers including
me have used SOMs to characterize codon usage patterns of a wide variety
of prokaryotes (Abe et al. 1999; Kanaya et al. 1998; Kanaya et al. 2001;
Wang et al. 2001). I introduced a new feature to the SOM for studies of
genomic sequences that makes the learning process independent of the
order of data input, first by characterizing codon usage in 60,000 genes
from 29 prokaryotic species. SOM was particularly useful not only in
searching for horizontally transferred genes but also in predicting the donor
genomes of the transferred genes (Kanaya et al. 2001).

In this chapter, I constructed SOMs with di-, tri-, and tetranucleotide
frequencies for a total of 17,000 10-kb and 170,000 1-kb genomic
sequences of 65 prokaryote genomes and for a total of 46,000 10-kb and
460,000 1-kb segments of 6 eukaryote genomes. The resulting SOMs for
the 16-, 64-, and 256-dimensional spaces (for di-, tri-, and tetranucleotide
frequencies, respectively) revealed clear separations between inter- and
intraspecies sequences that generally corresponded to biological categories.
Comparative analysis of interspecies differences in oligonucleotide
frequencies could provide insight into hidden signatures in genome
sequences established during evolution.
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II-2: METHODS

Genome sequences

The DNA sequences of 65 prokaryotic genomes, itemized in the Fig. I1.1
legend, were obtained from the DDBJ GIB web site
(http://www.ddbj.nig.ac.jp/), and those of the six eukaryotes itemized in the
Fig. I1.4 legend were obtained from the DDBJ/EMBL/GenBank web site.
For the calculation of oligonucleotide frequency for a window, when the
number of undetermined nucleotides (Ns) exceeded 10% of the window
size, the respective sequences were omitted from the analysis. When the
number of Ns was less than 10% of the window size, oligonucleotide
frequencies were normalized to the length of the sequence without Ns and
included in the analysis.

SOM adapted for genome informatics

The neural network algorithms can be supervised or unsupervised. The
supervised training is accomplished by presenting a sequence of training
vectors, each with an associated target output vector. An essential
requirement of the supervised learning is the availability of an external
teacher such as class. We may think of the teacher as having knowledge of
the environment that is represented by a set of input-output examples.
Knowledge of the environment available to the teacher is transferred to the
neural network learning algorithms. In unsupervised there is no external
teacher to oversee the learning process. The learning normally is driven by
a similarity measure without specifying target vectors. The self-organizing
net modifies the weights to that the most similar vectors are assigned to the
same output unit, which is represented by an example vector.

SOM is an unsupervised neural network algorithm that implements a
characteristic nonlinear projection from the high-dimensional space of
input data onto a two-dimensional array of weight vectors (Kohonen 1982,
1990, 1998; Kohonen et al. 1996). In the conventional SOM developed by
Kohonen, the map is a two-layered network that can organize a topological
map of cluster units from a random starting point. The network combines
an input layer with a competitive layer of processing units. During the
self-organization process, the cluster unit, whose weight vector matches the
input pattern most closely (typically based on minimum Euclidean
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distance), is chosen as the winner. The winning unit and its neighboring
units update their weights. After training is complete, pattern relationships
and group are observed from the competitive layer. This yields the
graphical organization of pattern relationships. These maps result from an
information compression that retains only the most relevant common
features of the set of input signals. This preserves effectively the topology
of the high-dimensional data space. It is thought of as a flexible net that is
spread into the multi-dimensional "data cloud". Because the net is a
two-dimensional array, it can be visualized easily. The weight vectors (wj;)
are arranged in the two-dimensional lattice denoted by i (=0, 1,..., I-1) and j
=0,1,..,7J-1).

The learning process of the SOM developed by me was designed to be
independent of the order of input of vectors on the basis of batch-learning
SOM (BL-SOM) as I previously reported (Abe et al. 1999; Kanaya et al.
2001). In the conventional SOM (Kohonen 1982, 1990, 1998; Kohonen et
al. 1996), the initial weight vectors wj; are set by random values as noted
above, but in my method the vectors are initialized by PCA (Step 1). For
mapping multi-dimensional space data onto a plane, PCA rotates the vector
space with the eigenvectors (the principal components) of the covariance
matrix as a new basis. The principal components are orthogonal, and the
plane spanned by the two first components, PC1 and PC2, was usually used
for a linear data projection. Weights in the first dimension (the number of
lattice points in the first dimension is denoted by I) were arranged into 150
nodes for 10-kb sequences or 350 nodes for 1-kb sequences corresponding
to a width of five times the standard deviation (56,) of the first principal
component; and the second dimension (J) was defined by the nearest
integer greater than (6,/6,) x L.

The weight vector on the ijth lattice (wj) was represented as
follows:

W, =X, +5%[bl(i—éj+b{j—§ﬂ (1)

where x,, is the average vector for oligonucleotide frequencies of all input
vectors, and b, and b, are eigenvectors for the first and second principal
components. In Step 2, the Euclidean distances between the input vector x
and all weight vectors w;; were calculated; then x; was associated with the
weight vector (called w;- ;) satisfied in minimal distance. After associating
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all input vectors with weight vectors, updating was done according to Step
3.
In Step 3, the jjth weight vector was updated by

2%

€S,
w, +a(r) N——

(new) —

w ij

w; 2)

where components of set S;; are input vectors associated with w; j satisfying
i—-B(r)<i <i+P(r)and j—PB(r)<j <j+P(r). Here, Wij(new) is an updated vector.

The two parameters o(r) and B(r) are learning coefficients for the rth cycle,
and Nj is the number of components of S o(r) and B(r) are set by

or) =max {0.01, o(1)(1 —1/T)} (3)

B(r) = max {1, B(1) — 1} @)
where, o((1) and B(1) are the initial values for the T-cycle of the learning
process. In the present study, I selected 80 for T, 0.6 for a(1), and 60 for
B(1). The learning process is monitored by the total distance between x;
and the nearest weight vector w;y, represented as

Q(r)=g{uxk -w, [} (5)

where N is the total number of sequences analyzed.

II-3: RESULTS

Species-specific oligonucleotide frequencies in prokaryotic genomes
SOMs were constructed with di-, tri-, and tetranucleotide frequencies for
approximately 17,000 genomic 10-kb sequences derived from the 65
prokaryotic genomes whose complete sequences are known. As the first
step to obtain the initial weight vectors, frequencies for the 17,000
non-overlapping segments were analyzed by principal component analysis
(PCA). This 1s based on the knowledge that multivariate analyses including
PCA successfully classified gene sequences into groups corresponding to
known biological categories when the numbers of sequences and species
were much smaller than that analyzed here (Grantham et al. 1980; Medigue
et al. 1991; Sharp and Matassi 1994; Andersson and Sharp 1996). After 40
learning cycles, oligonucleotide frequencies of genomic sequences were

14



effectively reflected as the weight vectors in SOMs (Fig. I1.1A-C).
Comparison of the sequence classification into lattice nodes of the final
weight vectors with that of the initial vectors set by the first and second
principal components of PCA (Fig. II1.1G) showed that sequences of a
single species were much more tightly clustered in the final vectors. Nodes
that contain sequences from a single species are indicated in color, and
those including sequences of more than one species are indicated in black.
In the SOMs, sequences of most species were separated into
species-specific non-overlapping zones (Fig. II1.1A-C). In contrast, the
resolving power of the conventional PCA method that could be estimated
with the initial vectors (Fig. I1.1G) was poor. The contiguous
non-intermingling zones that contained sequences of a single species were
very limited when compared with the contiguous non-overlapping zones
obtained with SOMs.

Analysis of the weight vectors for individual nodes showed that strongly
biased vectors were localized to the edge of the map, whereas those with
weakly biased vectors were in the center. The G+C% for each weight
vector in di-, tri-, and tetranucleotide SOMs (abbreviated as Di-, Tri-, and
Tetra-SOMs) was reflected mainly in the horizontal axis and increased
from left to right; sequences of AT- and GC-rich prokaryotes were
distributed on the left- and right-hand sides of the SOMs, respectively (Fig.
I1.1D-F). Importantly, sequences with the same G+C% are separated by a
complex combination of oligonucleotide frequencies resulting in
species-specific separations. In other words, most of the 10-kb segments in
each genome have a combination of oligonucleotides that reflect the
respective genome like a signature, and SOMs can reveal the signature as
representative weight vectors. The 170,000 non-overlapping 1-kb
sequences were also analyzed (Fig. I1.2). Species-specific separations were
again observed, though the resolution was somewhat reduced. This shows
that species-specific signatures are detectable even in a major population of
the 1-kb sequences.
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Figure I1.1 SOMs for 10-kb sequences of 65 prokaryotic genomes. (A, B,
and C) Di-, Tri-, and Tetra-SOMs, respectively. Nodes that contain
sequences from more than one species are indicated in black, and those that
contain sequences from a single species are indicated in color as follows:
Aquifex aeolicus (m), Archaeoglobus fulgidus (m), Aeropyrum pernix (m),
Agrobacterium tumefaciens (=), Borrelia burgdorferi (), Bacillus
halodurans (m), Bacillus subtilis (=), Buchnera sp. (m), Clostridium
acetobutylicum (m), Caulobacter crescentus (m), Campylobacter jejuni (),
Chlamydia muridarum (m), Chlamydophila pneumoniae (m), Chlamydia
trachomatis (m), Deinococcus radiodurans (m), Escherichia coli (m),
Halobacterium sp. (m), Haemophilus influenzae (m), Helicobacter pylori
(m), Listeria innocua (m), Lactococcus lactis (m), Listeria monocytogenes
(m), Mycoplasma genitalium (m), Methanococcus jannaschii (m),
Mycobacterium leprae (m), Mesorhizobium loti (m), Mycoplasma
pneumoniae (m), Mycoplasma pulmonis (=), Methanothermobacter
thermautotrophicus (m), Mycobacterium tuberculosis (m), Neisseria
meningitidis (m), Pyrococcus abyssi (m), Pseudomonas aeruginosa (m),
Porphyromonas gingivalis (m), Pyrococcus horikoshii (m), Pasteurella
multocida (), Rickettsia conorii (), Rickettsia prowazekii (m),
Staphylococcus aureus (=), Sinorhizobium meliloti (m), Streptococcus
pneumoniae (m), Streptococcus pyogenes (), Sulfolobus solfataricus (m),
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Sulfolobus tokodaii (), Salmonella typhimurium (m), Synechocystis sp. (m),
Thermoplasma acidophilum (m), Thermotoga maritima (m), Treponema
pallidum (m), Thermoplasma volcanium (m), Ureaplasma urealyticum (),
Vibrio cholerae (m), Xylella fastidiosa (m), and Yersinia pestis (). (D, E,
and F) G+C% for each weight vector in Di-, Tri-, and Tetra-SOMs,
respectively. G+C% for each node vector was divided into five categories
containing an equal number of nodes. The highest, second-highest, middle,
second-lowest, and lowest G+C% categories are shown in dark red, light
red, white, light blue, and dark blue, respectively. (G) Classification by the
initial weight vectors set by PCA for the Di-SOM. Nodes are colored as
described in A-C.
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Figure I1.2 SOMs for 1-kb sequences of 65 prokaryotic genomes. (A, B,
and C) Di-, Tri-, and Tetra-SOMs, respectively. Nodes are colored as
described in Fig. II.1A-C. (D, E, and F) G+C% for each weight vector is
shown as described in Fig. II.1D-F. (G) Classification by the initial weight
vectors for the Di-SOM.
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Intraspecies Separation for Prokaryotic Genomes

Detailed inspection of SOMs showed that each species was often split into
two major zones that were composed of roughly equal numbers of data
points. To illustrate this split more clearly, data points for each of seven
representative species in the 10-kb Tri-SOM (Fig. 11.1B) and in the 1-kb
Tri- and Tetra-SOMs (Fig. I1.2B and C) were plotted with a single color
(Fig. II.3A-C). In the 1-kb SOMs, intraspecies separations were observed
for all seven species, but in the 10-kb SOM, the separation was not
observed for three species. In order to investigate the biological
significance of the two zones, correlation with transcription polarities of
protein coding sequences (CDSs) in the respective genomic segments was
studied focusing on CDSs data of E. coli and B. subtilis compiled in the
DDBJ Genome Information Broker (http://gib.genes.nig.ac.jp/). Sequences
belonging to each major zone in the 1-kb Tetra-SOMs (Fig. 11.3C) are
illustrated separately as red and blue bands below the diagrams that show
transcription polarities of CDSs in the 200-kb segment (Fig. 11.3D and E).
A red or blue band in each species showed clustering of contiguous 1-kb
sequences belonging to one of the two zones in the 1-kb SOM. Each band
coincided with the clustering of CDSs with one polarity, and borders
between red and blue bands were usually located at positions
corresponding to the switch positions for transcription polarity. In the cases
of the three species for which the intraspecies separation was lost in the
10-kb SOM, switching of transcriptional polarities occurs within a 10-kb
segment at higher probabilities than observed for the other four species
(data not shown). These findings indicate that codon usage patterns
contribute to the intraspecies separations and probably also to the
interspecies separations.

Genome segments introduced through horizontal transfer from distantly
related organisms are known to retain the sequence characteristics of the
donor genome and can be distinguished from those of the acceptor genome
(Lawrence and Ochman 1997, 1998). For example, genes transferred from
other genomes often have codon usage patterns distinct from those of their
intrinsic genomes (Grantham et al. 1980; Ikemura 1985; Medigue et al.
1991). I showed previously that SOMs are useful for identifying
horizontally transferred genes and, importantly, for predicting the donor
genomes of the transferred genes (Kanaya et al. 2001). There are
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characteristic data points in Fig. II.3 A that are located away from the major
zones of individual species. The sequences that have oligonucleotide
frequencies clearly distinct from those of major zones should correspond, at
least in part, to genome portions that have been transferred horizontally
from other genomes. To test this possibility, I examined 10-kb sequences
from E. coli that were located outside the territories of both E. coli and a
closely related bacterium S. typhimurium. When the sequences in the S.
typhimurium territory were excluded, the next highest number of E. coli
sequences was found in the Y. pestis territory. I then focused the five
sequences in the Y. pestis territory commonly found in the Di-, Tri-, and
Tetra-SOMs. Within these sequences, there were 37 known genes, 23 of
which had significant homology with Y. pestis genes. For example, at the
amino acid level, 6 out of 23 proteins had identity levels greater than 60%,
and the highest was 80%, which was significantly higher than the 40%
calculated for the average identity for the orthogonal pairs of E. coli and Y.
pestis proteins (Deng et al. 2002). Furthermore, three genes were
homologous with the phage-encoded genes, and one was homologous with
a transposon gene. These findings support the prediction that these genes
may have been transferred horizontally into the E. coli genome from other
organisms.
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Figure I1.3 Intraspecies separations and tetranucleotide distributions in
SOMs for prokaryotic genomes. (A, B, and C) The 10-kb Tri-, 1-kb Tri-, and
1-kb Tetra-SOMs. Seven representative species with two major zones are
indicated in color as follows: A. aeolicus (m), A. fulgidus (m), A. pernix (m),
B. halodurans (m), B. subtilis (=), C. acetobutylicum (m), and E. coli (m). In
C, the two major zones of B. subtilis or E. coli are noted with red or blue
arrow with the letter B or E, respectively. (D) Transcriptional polarity and
SOM separation for B. subtilis sequences. Two transcriptional polarities of
CDSs in the 200-kb B. subtilis segment with a replication origin are
presented separately in the top two panels; this was obtained from the
DDBIJ web site (http://gib.genes.nig.ac.jp/). Below the two panels,
contiguous 1-kb sequences within the 200-kb segment and belonging to the
two major zones marked with red and blue arrows in C are shown
separately with the red and blue bands, respectively. (E) Transcriptional
polarity and SOM separation for E. coli sequences. A 200-kb E. coli
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segment lacking a replication origin was analyzed as described in D. (F)
Tetranucleotide distribution in the 1-kb Tetra-SOM for prokaryotes. Levels
of each tetranucleotide for all node vectors in the Tetra-SOM of Fig. I1.2C
were divided into five categories containing an equal number of nodes, and
the highest, second-highest, middle, second-lowest, and lowest categories
are shown with different levels of red and blue as described in Fig. I1.1D-F.
Zones for prokaryotes that have genes encoding a restriction enzyme that
recognizes the respective tetranucleotide are noted by light blue lines with
the following numbers to show the species name: 1, H. pylori; 2, M.
jannaschii; 3, S. aureus; 4, S. pneumoniae; 5, P. abyssi; 6, P. horikoshii; 7,
A. fulgidus; 8, A. pernix; and 9, D. radiodurans. For other palindromic
tetranucleotides, see Supplementary Data I1.2. Of 17 restriction enzymes

from 11 prokaryotes, the respective tetranucleotides were underrepresented
in 15 instances.
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SOMs for eukaryotic genomes

The protein-coding portion of each eukaryotic genome, especially in higher
eukaryotes, is reduced appreciably in comparison to that of prokaryotic
genomes. Therefore, genome signatures derived from species-specific
codon usage should be less prevalent than those observed for prokaryotes. I
examined di-, tri-, and tetranucleotide frequencies for 6 eukaryote genomes
(a total of 460 Mb) including 4 genomes (S. cerevisiae, C. elegans, A.
thaliana, D. melanogaster) that have been sequenced completely, as well as
P. falciparum chromosomes 2 and 3, and human chromosomes 20, 21, and
22. The 46,000 nonoverlapping 10-kb segments from these 6 eukaryote
genomes were analyzed (Fig. I1.4A-C). Most of the 10-kb segments were
separated according to species. For example, more than 95% of the human
sequences were located in the human territories, which are marked in red in
Fig. I.4A-C. This shows that SOM separations, that were obtained without
any species information, closely fit separations among species, and thus the
unsupervised algorithm can recognize, in most 10-kb sequences, the
species-specific characteristic (a key combination of oligonucleotide
frequencies) that is the representative signature of each genome.

The G+C% calculated for each weight vector in Di-, Tri-, and
Tetra-SOMs are shown in Fig. [1.4D-F. It is apparent that sequences with
the same G+C% are separated by a complex combination of
oligonucleotide frequencies resulting in species-specific separations.
Underlying representation in SOMs enables us to retrieve characteristic
sequence patterns for individual genomes and genome regions. The
frequency of each dinucleotide in the weight vector for each node in the
Di-SOM is illustrated in red and blue (Fig. I1.5). Complementary pairs of
dinucleotides (e.g. AA versus TT) had similar distribution patterns. This
indicates that when the sequence complimentary to the sequence registered
by the International DNA Databank is used for a certain genome, general
patterns may not change appreciably. Lines in all panels in Fig. 1.5
represent the species borders observed in the Di-SOM. Species borders
coincide with regions of transition between the red and blue levels for
several dinucleotides, which correspond to the diagnostic dinucleotides for
the species border formation. For example, the CG dinucleotide deficiency
(dark blue zones in the CG panel) is a factor responsible for separation of
human sequences (red in Fig. 11.4A) from Drosophila (pink) and
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Arabidopsis (green) sequences. Levels of CG, GC, AG, and GA contributed
appreciably to separation of Drosophila sequences from others. It should be
stressed that the SOM utilizes complex combinations of many more
dinucleotides for the sequence separations in an area-dependent manner.
This is because SOMs implement nonlinear projection from the
multi-dimensional space of input data onto a two-dimensional array of
weight vectors (Kohonen 1982, 1990, 1996).

In similar fashion, trinucleotide levels for each representative vector in
the Tri-SOM were analyzed. Again, species borders often coincided with
regions of sharp transition between the red and blue levels for various
diagnostic trinucleotides (Fig. I1.6). For humans, high levels of AGG, CAG,
CCC, CCT, CTG, and GGG as well as low levels of ACG, CGA, CGT, and
TCG were observed, and for Drosophila, high levels of GCA and TGC and
low levels of AGA, TCA, TCT, and TGA were observed. The
underrepresentation of CNG in a major portion of the Arabidopsis territory
is thought to be related to cytosine methylation in CNG trinucleotides
(Lindroth et al. 2001). The SOM utilizes complex combinations of many
trinucleotides for species separation in an area-dependent manner; the 64
panels for all trinucleotides are presented as Supplementary Data II.1.

24



Figure I1.4 SOM for 10-kb sequences of six eukaryotes. (A, B, and C) Di-,
Tri-, and Tetra-SOMs, respectively. Nodes that contain sequences from
more than one species are indicated in black, and those that contain
sequences from a single species are indicated in color as follows: 4.
thaliana (m), C. elegans (m), D. melanogaster (m), P. falciparum (=), S.
cerevisiae (), and human chromosomes 20, 21, and 22 (m). (D, E, and F)
G+C% for each weight vector in Di-, Tri-, and Tetra-SOMs, respectively.
G+C% for each node vector is shown as described in Fig. II.1D-F. (G)
Classification by the initial weight vectors for the Di-SOM.
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Figure I1.5 Dinucleotide distribution in 10-kb Di-SOM for six eukaryotes.
Levels of each dinucleotide for all node vectors in the Di-SOM of Fig.
I1.4A were divided into five categories containing an equal number of
nodes and the categories are shown as described in Fig. I1.3F. Species
borders in the Di-SOM (Fig. I1.4A) are marked by lines. Major zones for
four species were noted in the CG panel as follows: 4. thaliana (A), C.
elegnas (C), D. melanogaster (D), and human (H).
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Figure I1.6 Trinucleotide distribution in 10-kb Tri-SOM for six eukaryotes.
Levels of each trinucleotide for all node vectors in the Tri-SOM of Fig.
I1.4B were divided into five categories and shown as described in Fig. II.3F.
Species borders are shown as described in Fig. I1.5. (A) Human. Six
diagnostic trinucleotides with high frequencies and four with low
frequencies are shown. (B) D. melanogaster. Two diagnostic trinucleotides
with high frequencies and four with low frequencies are shown. (C) 4.
thaliana. Four diagnostic trinucleotides with high frequencies and four with
low frequencies (CNG) are shown.
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Intraspecies separation observed for eukaryote genomes

Human sequences had two and one satellite zone in the Di- and Tri-SOMs,
respectively (red minor zones in Fig. [1.4A and B). Genomes of
warm-blooded vertebrates such as humans are known to be composed of
long-range segmental G+C% distributions designated as “isochores” by
Bernardi (1985) (Ikemura 1985; Ikemura and Aota 1988; Bernardi 1989;
Gautier 2000; Eyre-Walker and Hurst 2001). Correlation of the segmental
G+C% distributions with SOM separations was observed. For example,
approximately 500 10-kb sequences belonging to the satellite red zone
located at the top at the left side in the Di- and Tri-SOMs were practically
common between the two SOMs, and the G+C% was between 30 to 33%,
which corresponds to very AT-rich sequences in the human genome.
Four-fifths of the sequences were derived from very AT-rich “gene-desert
regions” on chromosome 21 (Hattori et al. 2000) that correspond to L1
isochores (Saccone et al. 1999) and replicate very late during S phase
(Watanabe et al. 2002). The SOM can unveil specific genome portions with
distinct characteristics as intraspecies separations. Drosophila sequences
were split into two major zones in the Tetra-SOM (pink in Fig. 11.4C), and
this split was associated with G+C%.

SOMs with 1-kb eukaryote sequences

To determine the usefulness of SOMs for analysis of genomes with respect
to functional aspects, I investigated the effects of shortening the sequence
length on SOM separations because 10-kb segments appear to be too long
for such studies. SOMs were constructed with the dinucleotide frequencies
for a total of 460,000 nonoverlapping 1-kb sequences from 6 eukaryotes.
Clear separations of species were observed, but territories of individual
species were split into several zones (Fig. II.7A). Mirror symmetric
distributions were apparent for sequences of each genome. The G+C% in
the SOM was reflected mainly on the horizontal axis, and the
complementarity of oligonucleotides was reflected on the vertical axis. I
examined the possible factors responsible for the separations in the 1-kb
SOM by analyzing dinucleotide levels for each node. The best example was
the CG dinucleotide level shown in Fig. I1.7B. All Drosophila zones (pink
in Fig. I1.7A) corresponded primarily to the CG-rich zones (red in Fig.
I1.7B), and all human zones (red in Fig. II.7A) corresponded primarily to
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the CG-poor zones (blue in Fig. I11.7B) except for one clear characteristic
zone that is marked by an arrow. This CG-rich human zone is thought to
have CpG-island sequences that are often present in the regulatory regions
for transcription. In order to examine this possibility, I mapped human UTR
sequences compiled in UTRdb (Graziano et al. 1998, 2002), which is a
specialized database of 5' and 3' UTRs of eukaryotic mRNAs cleaned from
redundancy. To study the characteristics irrespective of length differences
in the UTR sequences, oligonucleotide frequencies in UTR sequence were
calculated and were mapped to the node of the SOM with the shortest
distance in the multidimensional frequency space (Fig. II.7C). The 5' and 3'
UTR sequences were mapped in different zones of human territories, and
the 5' UTR sequences were enriched characteristically in the CG-rich
human zone marked by an arrow. This demonstrates the usefulness of SOM
for discovery of local, functional sequence characteristics, and the
usefulness is explained in detail in Chapter VI.

The average number of sequences per node in the 1-kb SOM was 11. The
actual number of sequences classified into each node that is composed of
sequences from a single species is shown by the height of the colored rod
(Fig. I1.7D). There were many apparently high rods. Systematic analyses of
these characteristic rods might provide unique, biologically significant
information. It should be noted that many of the 1-kb segments are free of
species-specific ubiquitous repetitive elements, such as 4/u or L1 elements
in the human genome. The sequences with or without repetitive elements
were found to be colocalized in the major zones of individual species.
Detailed inspection showed that 10-kb human sequences with or without
Alu or L1 elements were also colocalized in the human major zones on the
10-kb SOMs. Therefore, the major factors responsible for the
species-specific separations of eukaryote sequences do not appear to be
ubiquitous repetitive elements. Factors responsible for the separations
could be characteristics that are more extensively embedded than repetitive
elements.
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: Human 5’_UTR

Figure I1.7 Di-SOM for 1-kb sequences of six eukaryotes. (A) Di-SOM.
Nodes are colored as described in Fig. I1.4A. (B) CG dinucleotide levels for
all weight vectors were calculated and shown as described in Fig. I1.5. The
CG-rich zone in the human territories is noted with an arrow. (C) Mapping
of sequences of human 5’ and 3’ UTRs. I used human UTRs compiled in
UTRAdDb (http://bighost.area.ba.cnr.it/BIG/UTRHome/), which is a
specialized database of eukaryotic 5* and 3’ UTRs that has been cleaned of
redundant sequences. To get statistically meaningful results, sequences
shorter than 100 nucleotides were excluded from this analysis.

(D) Three-dimensional presentation of the Di-SOM. Number of sequences
classified into each node that has sequences from a single species is
presented with the height of the colored rod.
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I1-4: DISCUSSION

Biological implications of SOM separations and genome signatures

To investigate the biological significance of diagnostic oligonucleotides for
SOM separations, | examined the correlation of levels of palindromic
tetranucleotides with respective restriction enzyme systems by referring to
the restriction enzyme database (REBASE;
http://vent.neb.com/~vincze/genomes/), as explained in detail in Chapter III.
Restriction site tetranucleotides were underrepresented in 10 of the 11
prokaryotes that have genes encoding 4-base cutter enzymes (blue in Fig.
II.3F). This finding is consistent with that of Karlin et al. (1997) on
compositional biases of prokaryotic genomes, again indicating that SOMs
can effectively classify sequences according to biological categories. The
256 panels for all tetranucleotides in the prokaryote and eukaryote SOMs
are presented as Supplementary Data I1.2 and I1.3, respectively. I then
considered the biological significance of diagnostic tetranucleotides in
eukaryotes. One possible explanation is a contributory effect of levels of
the di- and trinucleotide components of tetranucleotides. For example,
tetranucleotides containing the CG dinucleotide were clearly
underrepresented in the human territory (Supplementary Data I1.3).
Transition zones of various other tetranucleotides (e.g., CTCA and CTGA)
were also sharp and exactly coincided with species-borders. Such sharp
transitions and exact coincidences were not typical for the dinucleotide
components (e.g., CT, TC, and CA in Fig. I1.5). As found in the restriction
enzyme analysis, some tetranucleotides may have biological significance.
Species-specific characteristics for DNA synthesis and repair enzymes, as
well as sequence preferences of ubiquitous DNA-binding proteins, may be
responsible for differences in oligonucleotide distribution between species.
In the cases of signal and motif sequences, such as transcription factor
binding sites, they may be biased from the random occurrence statistically
calculated from the genome base composition, as explained in Chapter V.
This prediction is consistent with the finding that GAGA/TCTC, which is a
transcription signal in Drosophila (Soeller et al. 1993), was
underrepresented in the Drosophila genome (Supplementary Data 11.3).
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II-5: SUMMARY

From analysis of 1-kb and 10-kb genomic sequences derived from 65
prokaryotes (a total of 170 Mb) and from 6 eukaryotes (460 Mb), clear
species-specific separations of major portions of the sequences were
obtained with the Di-, Tri-, and Tetra-SOMs. The unsupervised algorithm
could recognize, in most 10-kb sequences, the species-specific
characteristics (key combinations of oligonucleotide frequencies) that are
signature features of each genome. I could classify DNA sequences within
one and between many species into subgroups that corresponded generally
to biological categories.
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Chapter III: Self-Organizing Map Reveals Sequence
Characteristics of 90 Prokaryotic and Eukaryotic Genomes on
a Single Map

II1-1: INTRODUCTION

Systematic analyses of oligonucleotide frequencies in a wide variety of
genomic sequences can reveal fundamental genome characteristics, namely,
key combinations of oligonucleotides responsible for biological properties
of different genomes and genomic regions, as described in Chapter II. I
modified the conventional SOM for genome informatics, on the basis of
batch-learning SOM, to make the learning process and resulting map
independent of the order of data input. Furthermore, the initial weight
vectors were defined using principal component analysis (PCA) instead of
random values. Therefore, the modified SOM was independent of not only
the data input order but also the initial condition. In the resulting SOMs, the
sequences were clustered according to species without any information
regarding the species, and increasing the oligonucleotides in length from
di- to tetranucleotides increased the clustering power.

In this chapter, di-, tri- and tetranucleotide frequencies in 90 prokaryotic
and eukaryotic genomes were analyzed on a single SOM. The separation of
eukaryotic and prokaryotic sequences on a single map can clarify the
resolving power of SOM, which may provide a powerful tool for
phylogenetic classification of genomic sequences obtained from
environmental uncultured microorganisms, including symbiotic/parasitic
microorganisms associated with macroorganisms (refer to Chapter IV, for
details).

I1-2: METHODS

Genome sequences

Sequences were obtained from DDBJ/EMBL/GenBank. For the calculation
of oligonucleotide frequency for a window, when the number of
undetermined nucleotides (Ns) exceeded 10% of the window size, the
respective sequences were omitted from the analysis. When the number of
Ns was less than 10% of the window size, oligonucleotide frequencies were
normalized to the length without Ns and included in the analysis, as
described in Chapter II.
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SOMs adapted for genome informatics

SOMs were constructed as described in Chapter II. The initial weight
vectors were set based on the widest scale of the sequence distribution in
the oligonucleotide frequency space with PCA. Weights in the first
dimension (I) were arranged into lattice nodes corresponding to a width of
five times the standard deviation (56,) of the first principal component; |
was set as 250 in this study. The second dimension (J) was defined by the
nearest integer greater than (6,/6;) x L.

I1-3: RESULTS

SOMs for oligonucleotide frequencies in 90 genomes

I analyzed short oligonucleotide frequencies in the 90 genomes for which
complete sequences are available: 0.2 Gb for 81 prokaryotes and 1.2 Gb for
nine eukaryotes (see Fig. I1I.1 legend). For the human genome, sequences
from four chromosomes that were almost completely sequenced, were
analyzed. SOMs were constructed with di-, tri-, and tetranucleotide
frequencies for 140,000 nonoverlapping 10-kb sequences and overlapping
100-kb sequences with a sliding step size of 10 kb derived from a total of
1.4 Gb from the 90 genomes. To set the initial weight vectors, frequencies
for the 140,000 sequences were analyzed by PCA. After 80 learning cycles,
the sequences of many species were separated into species-specific
territories (Fig. III.1A-C). SOM separations obtained without any species
information closely fit the sequence classification according to species.
Nodes that contained sequences from a single species are indicated in color,
those including sequences from more than one species are indicated in
black, and those with no sequences are indicated in white. Comparison of
sequence classification with the initial vectors set by PCA (Fig. III.1E) with
those for the final vectors (Fig. III.1A) revealed that sequences from a
single species were far more tightly clustered with the final vectors. In all
SOMs, most of the eukaryotic sequences were effectively classified into the
species-specific territories. In the 10-kb SOMs, the clustering was most
evident in the tetranucleotide SOM, and almost all eukaryotic sequences
were classified according the species. For example, 95, 98, and 99% of
human sequences were classified into human territories (m in Fig. [1I1.1A-C)
of the di, tri-, and tetranucleotide SOMs (Di-, Tri-, and Tetra-SOMs),
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respectively. In the 100-kb SOMs, the species-specific separations became
more evident, and many prokaryotes also occupied clear species-specific
territories. The species territories were surrounded with contiguous white
nodes into which no genomic sequences were classified, showing that
vectors of species-specific nodes located even near the species border were
clearly distinct from each other and the species borders primarily could be
drawn automatically on the basis of the contiguous white nodes. The
unsupervised algorithm recognized the species-specific characteristic (a
key combination of oligonucleotide frequencies) that is the representative
signature of each genome.

The G+C% for the weight vector of each node was reflected in the
horizontal axis and increased from left to right in the Di-SOM (Fig. 1I1.1D),
and similar results were obtained in Tri- and Tetra-SOMs. Sequences with
the same G+C% were separated by a complex combination of
oligonucleotide frequencies resulting in species-specific separations. The
underlying representation in SOMs allowed us to identify characteristic
sequence patterns for individual genomes. The frequencies of each di-, tri-,
and tetranucleotide in each weight vector in the 100-kb SOMs were
calculated and represented as different levels of red and blue (Fig. I11.2).
Complementary oligonucleotides had similar distribution patterns as shown
in AA and TT panels in Fig. [II.2A, and therefore, only one example is
presented except the AA/TT pair. Transitions between the red and blue
levels coincided often with the species borders. For example, TA was
diagnostic for separation of Fugu (F) from rice (R). Underrepresentation of
CG was apparent in most regions of human, Arabidopsis (A), and Fugu. In
the Tri- and Tetra-SOMs, only diagnostic examples for species separations
are listed (Fig. III.2B and C). One clearest example was CATG, which was
overrepresented in human and rice, underrepresented in Drosophila (D),
and moderately represented in Arabidopsis and Fugu. So far as judged
from one oligonucleotide, even in the clear example, resolving power
between species was clearly dependent on map positions along the species
border. It should be stressed that SOMs utilized complex combinations of
multiple oligonucleotides for sequence separations in map
position-dependent manners resulting in effective classification according
to biological categories (according to species in this case).
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Figure. I11.1 SOMs for nonoverlapping 10-kb and overlapping 100-kb
sequences of 90 genomes. 10-kb and 100-kb di- (A), tri- (B), and
tetranucleotide (C) SOMs. Nodes that contain sequences from more than
one species are indicated in black, those including no sequences are
indicated in white, and those including sequences from a single species are
indicated in color as follows: Human (m), Fugu rubripes (m), Rice (m), A.
thaliana (m), C. elegans (m), D. melanogaster (m), P. falciparum (=), S.
cerevisiae (), S. pombe (), A. aeolicus (), A. fulgidus (m), A. pernix (m),
A. tumefaciens (), B. burgdorferi (), B. halodurans (m), B. melitensis (m),
B. subtilis (m), Buchnera sp. (m), C. acetobutylicum (m), C. crescentus (m),
C. jejuni (m), C. muridarum (m), C. perfringens (m), C. pneumoniae (m), C.
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trachomatis (m), D. radiodurans (m), E. coli (m), F. nucleatum (m),
Halobacterium sp. (m), H. influenzae (m), H. pylori (m), L. innocua (m), L.
lactis (m), L. monocytogenes (m), M. acetivorans (=), M. genitalium (m), M.
jannaschii (m), M. kandleri (m), M. leprae (), M. loti (=), M. pneumoniae
(m), M. pulmonis (=), M. thermoautotrophicum (m), M. tuberculosis (m), N.
meningitides (), P. aerophilum (w), P. abyssi (), P. aerophilum (m), P
aeruginosa (m), P. furiosus (m), P. horikoshii (m), P. multocida (m), R.
conorii (), R. prowazekii (m), R. solanacearum (m), S. aureus (=), S.
coelicolor (), S. meliloti (m), S. pneumoniae (m), S. pyogenes (m), S.
solfataricus (m), S. tokodaii(m), S. typhimurium(m), Synechocystis sp. (m), T.
acidophilum (), T. maritime (=), T. pallidum (m), T. tengcongensis (m), T.
volcanium (m), U. urealyticum (»), V. cholerae (), X. axonopodis (), X.
campestris (), X. fastidiosa (m), and Y. pestis (m). (D) G+C% for the
weight vector of each node was calculated and divided into five categories
with an equal number of nodes. The nodes belonging to the categories of
the highest, second-highest, middle, second-lowest, and lowest G+C% are
shown in dark red, light red, white, light blue, and dark blue, respectively.
(E) Sequence classification by the initial weight vectors set by PCA for the
10-kb Di-SOM. G+C% for each weight vector in the 10-kb Di-SOM.

37



F

I.

-y

i
i

\
!
i

L

L

|

.- T —
— 0 . w s
| s ]
|
= . e
F e
N . VS S
—

. e =
i

'-.

=

_——

| e e |
L — = |
- BOERe
e

I Illllil !III

A
i

o
I!”‘ [

il

;II
|
i

Figure II1.2 Level of each di-(A), tri-(B), and tetranucleotide (C) in 100-kb
SOMs. Diagnostic examples of species separations are presented. Levels of
the di-, tri-, and tetranucleotide for the weight vector of each node in the
respective SOMs of Fig. III.1 were divided into five categories with an
equal number of nodes and are shown as described in Fig. III.1D. The
100-kb SOMs in Fig. III.1 are presented in the first panel; C. elegans (C),
Arabidopsis (A), rice (R), Drosophila (D), Fugu (F), and human (H).
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Biological implications of SOM separation and of intraspecies
separation

In the DNA database, only one strand of a pair of complimentary sequences
is registered. Our previous analysis of prokaryotic genomes showed that
sequence fragments from a single genome are often split into two SOM
territories that reflect the transcriptional polarities of the genes present in
the fragment (Abe et al. 2003), as described in Chapter II; such a split was
also observed in the SOM in Fig. III.1. For a few eukaryotes in Fig. I1I.1,
intraspecies separations in SOMs were apparent, most evidently for
Drosophila (m) and human (m), resulting in satellite territories for one
eukaryote. This shows that SOMs can effectively depict intraspecies
sequence differences. Distinct territories of one eukaryote were separated
mainly in the horizontal direction, showing that the intraspecies separations
were related to G+C% difference. The human genome contains long-range
segmental G+C% distributions “isochores”, which are related with
chromosomal bands (Bernardi et al. 1985; Ikemura 1985; Ikemura and Aota,
1988; Bernardi 1989), and correlation of these regional G+C% distributions
with SOM separations was observed (Abe et al. 2003). The separation of
Drosophila sequences may relate with euchromatic and heterochromatic
chromosomal bands (Lindsley et al. 1992). In the 100-kb Tetra-SOM , the
intraspecies separations were least evident and even Drosophila had one
territory, indicating that the Tetra-SOM recognized similarities of
tetranucleotide frequencies among sequences in a single genome while
their G+C% varied significantly. When I inspected the 100-kb SOMs in
detail, there were several minor territories composed of small numbers of
sequences with specific characteristics. For example, a minor territory for
Arabidopsis located near the rice territory was composed primarily of
sequences from centromeric and subcentromeric regions. Analysis of
intraspecies separations may provide fundamental information regarding
structures of individual genomes.

Transitions between the red and blue levels for the diagnostic
tetranucleotides often coincided exactly species borders including
prokaryotic borders (Fig. II1.2C). As an attempt to investigate the biological
significance of the diagnostic tetranucleotides, I examined the correlation
of levels of palindromic tetranucleotides with respective restriction enzyme
systems for prokaryotic species by referring to the restriction enzyme
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database (REBASE; http://vent.neb.com/~vincze/genomes/) (Fig. I11.3), as
discussed in Chapter II. Of 16 restriction enzymes from 11 prokaryotes that
have genes encoding 4-base cutter enzymes, the restriction site
tetranucleotides were underrepresented in 14 instances (blue in Fig. I11.3).
This showed that SOM recognized the biological properties of genomic
sequences properly and classified sequences according to biological
categories.

I then considered the biological significance of diagnostic
oligonucleotides in eukaryotes. The species-specific characteristics of
DNA-synthesizing and -repairing enzymes, such as the
sequence-recognition specificity of DNA primase and the
context-dependent repair mechanism, may be the major factors responsible
for the species-specific separations. Sequence preferences for ubiquitous
DNA-binding proteins of individual species, such as histones, may be
factors. Transition zones of various tetranucleotides (e.g., CATG and
TAGG) were very sharp and coincided exactly the eukaryotic
species-borders. As found for the restriction enzyme case of prokaryotic
genomes, some tetranucleotides may have biological significance by
themselves. Wide varieties of oligonucleotide sequences function as genetic
signals (e.g., regulatory signals for gene expression). In the cases of signal
and motif sequences, such as transcription signals with high, specific
binding activities to transcription factors, they are thought to be
significantly biased from the random occurrence statistically calculated
from the genome base composition, as explained in detail in Chapter V.
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34 2 25 6 7,8 91011 2
Figure I11.3: Tetranucleotide distribution for prokaryotic genomes
containing restriction enzyme genes on the 100-kb Tetra-SOM. Zones for
prokaryotes that have genes encoding a restriction enzyme that recognizes
the respective tetranucleotide are noted by light blue lines with the
following numbers to show the species name: 1, H. pylori; 2, M.
jannaschii; 3, T. maritime; 4, T. pallidum; 5, S. aureus; 6, S. pneumoniae; 7,
P. abyssi; 8, P. horikoshii; 9, A. fulgidus; 10, A. pernix; and 11, D.
radiodurans.
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SOMs with human, mouse, and rat draft sequences

The present analysis of genome signatures is an example of comparative
genomics, and the results are affected by the genomes analyzed. To reduce
the effect, I analyzed most (if not all) eukaryotes for which almost
complete genomic sequences are available, and the organisms were
phylogenetically distant eukaryotes. When high-quality draft sequences are
considered, those from additional genomes with biological and biomedical
importance are available. To examine the clustering power of SOMs for
closely related species, SOMs were generated from 4,600,000
non-overlapping 10-kb and overlapping 100-kb sequences from draft
sequences of human, mouse and rat (2.4, 1.6, and 0.6 Gb, respectively).
Nodes that contained sequences from one or two species are indicated in
color and those that contained sequences from all three species are
indicated in black (Fig. II1.4A). Significant separation between human (red)
and rodent (mouse and rat; light blue) sequences was observed even in the
10-kb SOMs. In the 10-kb Tetra-SOM, 41% of the human sequences was
classified into human-specific territories, and 5% and 4% of mouse and rat
sequences, respectively, were classified into mouse and rat territories. In
the 100-kb SOMs, separation between human and rodents was very
apparent, and 99% of human sequences were classified into the human
territory. Furthermore, partial separations between mouse and rat were
observed; 50% and 21% of mouse and rat sequences, respectively, were
classified into mouse (dark blue) and rat (green) territories. Thus, SOMs
can recognize unique sequence characteristics even in closely related
species. Diagnostic tetranucleotides for species separations in the 100-kb
Tetra-SOM are listed in Fig. [11.4B. In the mouse and rat territories, ACAC
and AATT were over- and underrepresented, respectively, in comparison to
levels in human. ACAA and GACA were overrepresented in mouse, and
GTGA was overrepresented in human.
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GACA GCAC GTGA TACA

Figure I11.4 SOMs for human, mouse and rat draft sequences. (A) Tri-and
Tetra-SOMs were constructed with nonoverlapping 10-kb and overlapping
100-kb sequences with a 10-kb sliding step. Nodes that contain sequences
from one or two species are indicated in color (human, red; mouse, dark
blue; rat, green; mouse + rat, light blue; human + mouse, yellow; human +
rat, violet), those from three species are indicated in black, and those that
contained no sequences are indicated in white. (B) Levels of individual
tetranucleotides in the weight vector of each node in the 100-kb Tetra-SOM
was calculated after normalization of the mononucleotide composition of
the node weight vector and presented as described in Fig. I11.2. Diagnostic
examples for species separations are shown.
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I11-4: DISCUSSION

SOMs can systematically extract profound genomic information from the
oligonucleotide frequency in each genome. Wide varieties of
oligonucleotide sequences function as genetic signals (e.g., regulatory
signals for gene expression). In the cases of signal and motif sequences,
such as transcription signals, they are thought to be significantly biased
from the random occurrence statistically calculated from the genome base
composition, as described in detail in Chapter V. Genetic signals are
typically longer than tetranucleotides. Therefore, SOMs for longer
oligonucleotides such as penta- and hexanucleotides may systematically
reveal a wide range of genetic signal sequences in genomes. Because
clustering power of SOM is very high, SOM should provide fundamental
guidelines for understanding molecular mechanisms that have established
sequence characteristics of individual genomes during evolution.

III-5: SUMMARY

[ used the SOM to characterize oligonucleotide frequencies in a total of 1.4
Gb sequences derived from 90 prokaryotic and eukaryotic genomes for
which complete genomic sequences are available. SOMs classified 140,000
10-kb sequences from the 90 genomes mainly according to species and
could unveil hidden sequence characteristics of each genome. Because the
classification power is very high, SOM is an efficient and fundamental
bioinformatic strategy for extracting a wide range of genomic information
from a vast amount of eukaryotic and prokaryotic sequence data.

44



Chapter IV: Novel Bioinformatics for Phylogenetic
Classifications of Genomic Sequences from Uncultured
Microorganisms in Environmental, Clinical Samples

IV-1: INTRODUCTION

The vast majority of environmental microorganisms have not been cultured
under laboratory conditions, and conventional experimental studies have
been limited. The genomes that lack experimental characterization may
have a wide range of novel, valuable genes of both scientific and industrial
interest (Amann et al. 1995; Hugenholtz et al. 1996). Metagenomic
approach, which is genomic analysis of uncultured microorganisms, has
been developed to identify novel and industrially useful genes and to study
microbial diversity in a wide variety of environments (Amann et al. 1995;
Hugenholtz et al. 1996; Rondon et al. 2000; MacNeil et al. 2001; Lorenz et
al. 2002; Courtois et al. 2003; Schloss et al. 2003). In the approach, DNA is
extracted directly from mixed genomes in an environmental sample without
cultivation of microorganisms, and the DNA fragments are cloned into
vectors, then sequenced. Therefore, bioinformatic strategies to predict how
many and what types of genomes are present in a sample are needed. It is
also important to clarify how novel the genomic sequences are. To address
such issues, I attempted to use SOM. In Chapters II and II1, I constructed
SOMs for di-, tri-, and tetranucleotide frequencies in sequence fragments
from a wide rage of prokaryotic and eukaryotic genomes. In the resulting
SOMs, the sequences were clustered according to species without any
information regarding the species, and increasing the oligonucleotides in
length from di- to tetranucleotides increased the clustering power. In this
Chapter, SOM of tetranucleotide frequencies was improved for
phylogenetic classification of genomic sequences from uncultured
prokaryotes in environmental and clinical samples.

IV-2: METHODS

The initial weight vectors were defined by PCA instead of random values,
and weight vectors (w;) were arranged in the two-dimensional lattice
denoted by 1 (=0, 1, .., I-1) and j (=0, 1, .., J-1), as described in Chapter II. I
was set as 350, 300 and 100 in Figs. IV.1, IV.2A and IV.2B, respectively,
and J was defined by the nearest integer greater than (6,/6,) x I. 6, and G,
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were the standard deviations of the first and second principal components,
respectively. When pentanucleotide frequencies were analyzed, it took four
times of the computation time of Tetra-SOM but the improvement of the
resolving power for 1-kb sequences was not significant.

IV-3: RESULTS

SOMs of prokaryotic genomes for which complete sequences are
available

To investigate the clustering power of SOM for a wide range of prokaryotic
genome sequences, | first analyzed 81 prokaryotic genomes for which
complete sequences are available (a total of 226 Mb); in this analysis, only
one genome representing different strains of one species or closely related
species with a relatively large genome was used to avoid overrepresentation
of certain large genomes. SOMs were constructed for tetranucleotide
frequencies of 226,000 nonoverlapping 1-kb (Fig. IV.1A) and overlapping
5-kb sequences with a 1-kb sliding step (Fig. IV.1B). These short sequences
were tested because such fragments can be efficiently cloned and
sequenced even for samples obtained from extreme environments. To
obtain the initial weight vectors, tetranucleotide frequencies in the
sequences were analyzed by PCA. After 100 learning cycles, the
frequencies of tetranucleotides in these sequences were reflected as the
weight vectors in the Tetra-SOMs in Fig. IV.1. Nodes that contained
sequences from a single species are indicated in color, and those that
contain sequences from more than one species are indicated in black
(Species in Fig. IV.1). The clustering power of the 5-kb SOM was much
higher than that of the 1-kb SOM.

In the DNA database, only one strand of a pair of complimentary
sequences is registered. The previous analysis of prokaryotic genomes in
Chapter II showed that sequence fragments from a single genome are often
split into two SOM territories that reflect the transcriptional polarities of
the genes present in the fragment (Abe et al. 2003); such a split was also
observed in the Tetra-SOM in Fig. IV.1. For phylogenetic classification of
sequences from uncultured prokaryotes, it is not necessary to know the
transcriptional polarity in the sequence fragment and the split into two
territories complicates assignment to species. Therefore, I tested a new type
of SOM in which a pair of complementary tetranucleotides (e.g., AATC
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and GATT) was added, and the SOM for the degenerate sets of
tetranucleotides was designated DegeTetra-SOM. This approximately
halved the computation time, and the clustering power was higher than that
of the Tetra-SOM (Table IV.1). In the 5-kb DegeTetra-SOM (Fig. IV.1B),
sequences were separated primarily into nonoverlapping species-specific
territories. For example, approximately 75% of 5-kb sequences were
classified into the correct species territory (Table IV.1). SOM recognized in
the 5-kb sequences the key combinations of tetranucleotide frequencies that
are the signature features of each genome. The reason that increasing the
sequence length from 1 kb to 5 kb substantially improved the resolving
power may be due to reduced statistical scattering of tetranucleotide
frequencies in 5-kb sequences. Because increasing the length from 5 kb to
10 kb did not improve the resolving power appreciably (data not shown), |
used the 5-kb SOM in later analyses of sequences from
species-unidentified prokaryotes.

In the phylogenetic classification of uncultured prokaryotes, especially
those found in novel or extreme environments, classification into major
phylogenetic groups rather than into individual species is important.
Therefore, I tested in advance the classification of the 226,000 sequences of
known prokaryotes into 11 major phylogenetic groups (Group in Fig. IV.1);
nodes that contain sequences from one phylogenetic group are indicated in
color, and those that contain sequences from more than one group are
shown in black. Number of black nodes, which contained sequences of
more than one group, decreased significantly in comparison to that of the
species classification. Approximately 88% of 5-kb sequences were
classified into the appropriate group territory in the DegeTetra-SOM (Table
IV.1). Phylogenetically related species often had neighboring territories and,
therefore, produced united territories in the group classification.
Interestingly, even in the united territories, species borders were often
visible as continuous white nodes that contained no genomic sequences in
the 5-kb SOMs (see Group in Fig. IV.1B). The vectors of species-specific
nodes, even near a species-territory border, were distinct between species,
and species borders could be drawn automatically on the basis of the
contiguous white nodes.
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A 1-kb  Tetra-SOM Species Group

1-kb  DegeTetra-SOM Species Group

Tetra-SOM Species

5-kb DegeTetra-SOM Species

e

Figure IV.1 Tetra- and DegeTetra-SOMs for nonoverlapping 1-kb (A) and
overlapping 5-kb sequences (B) of 81 genomes of 65 prokaryotic species.
Species: sequence classifications into each species. Nodes that contain
sequences from more than one species are indicated in black, and those
containing sequences from a single species are indicated in color as
follows: Aquifex aeolicus (m), Archaeoglobus fulgidus (m), Aeropyrum
pernix (m), Agrobacterium tumefaciens (w), Borrelia burgdorferi (),
Bacillus halodurans (), Brucella melitensis (m), Bacillus subtilis (m),
Buchnera sp. (m), Clostridium acetobutylicum (=), Caulobacter crescentus
(m), Campylobacter jejuni ( ), Chlamydia muridarum (m), Clostridium
perfringens (), Chlamydophila pneumoniae (m), Chlamydia trachomatis
(»), Deinococcus radiodurans (m), Escherichia coli (m), Fusobacterium
nucleatum (m), Halobacterium sp. (m), Haemophilus influenzae (»),
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Helicobacter pylori (m), Lactococcus lactis (»), Listeria monocytogenes
and innocua (m), Methanosarcina acetivorans (m), Mycoplasma genitalium
(m), Methanococcus jannaschii (), Methanopyrus kandleri (m),
Mycobacterium leprae (m), Mesorhizobium loti (m), Mycoplasma
pneumoniae (m), Mycoplasma pulmonis (m), Methanobacterium
thermoautotrophicum (m), Mycobacterium tuberculosis (m), Neisseria
meningitidis (m), Pyrococcus abyssi (m), Pseudomonas aeruginosa (m),
Pyrobaculum aerophilum (m), Pyrococcus furiosus (m), Pyrococcus
horikoshii (m), Pasteurella multocida (m), Rickettsia conorii (m), Rickettsia
prowazekii (m), Ralstonia solanacearum (m), Streptococcus agalactiae (m),
Staphylococcus aureus (m), Streptomyces coelicolor (m), Sinorhizobium
meliloti (m), Streptococcus pneumoniae (m), Sulfolobus solfataricus (m),
Sulfolobus tokodaii (m), Salmonella typhimurium (), Synechocystis sp. (),
Thermoplasma acidophilum (m), Thermotoga maritima (=), Teponema
pallidum (m), Thermoanaerobacter tengcongensis (m), Thermoplasma
volcanium (), Ureaplasma urealyticum (m), Vibrio cholerae (1),
Xanthomonas campestris and axonopodis (m), Xylella fastidiosa (m), and
Yersinia pestis (m). Sequences of closely related prokaryotes such as
different strains of one species are indicated by the same color. Group:
sequence classifications into 11 phylogenetic groups. Nodes that contain
sequences from more than one group are indicated in black, and those
containing sequences from a single group are indicated in color as follows:
o-proteobacteria (=), B-proteobacteria (), y-proteobacteria (m),
O-proteobacteria (1), Archaea (m), Chlamydia (m), Firmicutes (m),
Actinobacteria (m), Fusobacteria (m), Thermotogae (m), and others (m).
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Table IV.1 The proportion (%) of sequences classified into correct

Sequence on SOM

Tetra-SOM

DegeT etra-SOM

Species (%) Phylogenetic group (%)

Species (%) Phylogenetic group (%)

1 kb on 1kb-SOM 37.0 61.2 40.6 69.2
5 kb on 5kb-SOM 67.8 84.9 74.6 88.0
1 kb on 5kb-SOM 62.1 77.9 66.0 78.9
Colored lattice on SOM Tetra-SOM DegeTetra-SOM

Species (%) Phylogenetic group (%)

Species (%) Phylogenetic group (%)

1 kb on 1kb-SOM
5 kb on 5kb-SOM

50.6 70.8
72.4 94.1

55.4 73.8
77.2 96.6
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Sequences introduced through horizontal transfer

Genome segments introduced through horizontal transfer from
phylogenetically distant species tend to retain the sequence characteristics
of the donor genome and can be distinguished from those of the host
genome (Jeltsch et al. 1996). Even in the 5-kb DegeTetra-SOM for the
group classification (Group in Fig. IV.1B), there are nodes marked in black,
which should contain sequences with tetranucleotide frequencies distinct
from those of the major portion of the respective genome. Such sequences
should correspond, at least in part, to segments transferred horizontally
from a phylogenetically distant genome. When B. subtilis sequences
located outside the Firmicutes territory were investigated, many were found
to be derived from A+T-rich islands where prophage and prophage-like
sequences are clustered (Kunst et al. 1997). In shotgun sequencing studies
of uncultured prokaryotes, SOMs (as well as conventional sequence
homology searches) classify such horizontally transferred sequences into
the donor genome group. Although this information is interesting, it creates
problems in understanding microbial diversity within an environmental
sample. Therefore, it is important to study known genomes in advance to
estimate the proportion of sequences presumably transferred from other
genomes and to find possible strategies to solve the problems caused by
horizontal transfer (refer to Discussion). When oligonucleotide frequencies
were calculated and normalized for the sequence length, 1-kb sequences
could be mapped onto the 5-kb SOM. The proportions of 1-kb sequences
classified into the correct group territory were 69% and 79% on the 1- and
5-kb DegeTetra-SOMs, respectively (Table IV.1). The increased hit level in
mapping on the 5-kb SOM is because SOM can extract genome-specific
characteristics of oligonucleotide frequencies more accurately as the
analyzed sequences become longer. This means that for phylogenetic
classification of sequences from uncultured mixed prokaryotes, even short
sequences must be mapped on the SOM constructed with longer sequences
(e.g., 5 kb) of species-known genomes. It is also conceivable that sizes of
many horizontally transfer segments found in the current genomes are
much shorter than 5 kb. The observation that the hit level in the group
classification was higher than that in the species classification may reflect,
at least in part, that chance of horizontal transfer across distinct
phylogenetic groups is lower than that across the species within one group.
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Sequences from species-unidentified prokaryotes

One goal of metagenomic studies is to reconstruct individual genomes of
uncultured microorganisms by sequencing a large amount of the genomic
DNA s contained in metagenomic libraries derived from an environmental
sample (Rondon et al. 2000; MacNeil et al. 2001; Courtois et al. 2003;
Schloss et al. 2003). Such technology should assist in developing accurate
views of the ecology of environmental microorganisms and allow extensive
surveys of sequences useful in industrial and scientific applications.
However, with a simple compilation of a large number of sequence
fragments, it appears to be impossible to predict what kinds and the ratios
of species present in an environmental sample, to which lineages the
species belong, and how the genomes are novel. A conventional approach is
to catalog 16S rRNA gene (16S rDNA) sequences (Pace et al. 1985) mainly
by polymerase chain reaction (PCR) amplification followed by sequencing
(Amann et al. 1995; Hugenholz et al. 1996). However, for totally novel
genomes, it might be difficult to design 16S rDNA-specific primers.
Furthermore, 16S rDNAs are not thought to be industrially useful. It is
most desirable, in addition to the 16S rDNA method, if we can develop a
method by which microbial biodiversity is assessed automatically during
the process of searching for and identifying genes with industrial and
scientific significance. I propose here the development of such a method
based on SOMs.

As the first practical application of the proposed method, I characterized
non-rDNA sequences from unidentified or uncultured prokaryotes that
were submitted to DDBJ/EMBL/GenBank by many groups (Thomsen et al.
2001; McMahon et al. 2002; Stokes et al. 2001; Knietsch et al. 2003);
sequences were submitted directly to DDBJ/EMBL/GenBank often without
publication by literatures. I found 660 non-rDNA genomic sequences
longer than 1 kb in the Release of DDBJ and classified the 660 sequences
into 11 prokaryotic groups in the following way. DegeTetra-SOM was
constructed in advance with nonoverlapping 5-kb sequences from the 147
prokaryotic genomes for which almost complete sequences are currently
available (Known prokaryotes in Fig. IV.2A). For this SOM, instead of the
81 genomes used in Fig. IV.1, 147 genomes were used to analyze a wider
range of sequences because sequence redundancy due to inclusion of
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closely related genomes, such as those of different strains of one species, is
not problematic for the group classification. Nodes that contained
sequences from one group are marked in colors, and those that contained
sequences of more than one group are shown in black. The 660 non-rDNA
sequences from species-unidentified prokaryotes were then mapped on this
5-kb DegeTetra-SOM (Unidentified prokaryotes in Fig. [V.2A). Detailed
inspection of the sources of these non-rDNA sequences with reference to
DDBJ annotations revealed that approximately 50% corresponded to
sequences obtained from rumen contents. These sequences are specified in
pink. There was a characteristic zone composed primarily of the respective
sequences (11% of sequences from the rumen contents; specified with a
green arrow in Unidentified prokaryotes in Fig. [IV.2A) in an Archaea
territory that contained Methanobacterium, Methanosarcina and
Thermoplasma sequences. This indicated that the rumen sequences were
derived from Methanogens. Another characteristic clustering for the rumen
sample was in the d-proteobacteria territory containing Desulfovibrio
desulfuricans (8% of the rumen sequences; a dark yellow arrow), indicating
the sequences were derived from sulphate-reducing bacteria. The anaerobic
species are expected to be present in rumen. The map locations of all 660
non-rDNA sequences on the 5-kb DegeTetra-SOM are presented on
Supplementary data I'V.1.
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Figure IV.2 SOMs for phylogenetic classification of sequences from
species-unidentified prokaryotes. (A) 5-kb DegeTetra-SOM of 147
prokaryotic genomes. Known prokaryotes: sequence classification into 11
phylogenetic groups for species-known prokaryotes. Nodes are marked as
described in the group classification in Fig. IV.1. Unidentified prokaryotes;
660 non-rRNA sequences from species-unidentified prokaryotes were
mapped on the 5-kb DegeTetra-SOM. The 343 sequences from rumen
contents submitted directly to DDBJ/EMBL/GenBank by Matsui et al.
(AB085236-AB085579) are specified in pink. (B) Tetra-SOM of 16S
rDNAs from known prokaryotes. Known prokaryotes: classification into 11
phylogenetic groups. Nodes are marked as described in the group
classification in Fig. IV.1; others were not included. Unidentified
prokaryotes; rDNA sequences from species-unidentified prokaryotes, for
which the group classification is annotated in DDBJ/EMBL/GenBank,
were mapped on the 16S rDNA Tetra-SOM. Nodes where sequences of a
single group were mapped are colored showing the group and those
containing sequences of more than one group are marked in black.
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SOMs for rDNA sequences

Because 16S rDNA sequences were highly conserved during evolution,
their sequences have been used for detailed phylogenetic classification of
prokaryotic species, including uncultured prokaryotes (Pace et al. 1985;
Ludwig et al. 1994). Approximately 22,800 16S rDNA sequences longer
than 1 kb from 6,080 known prokaryotes are compiled in
DDBJ/EMBL/GenBank. Combination of SOMs for genomic and 16S
rDNA sequences will provide a tool for detailed phylogenetic studies of
these sequences from environmental prokaryotes. A full length of 16S
rDNA is approximately 1.5 kb and represents approximately 0.1% of each
prokaryotic genome and, therefore, the data from 16S rDNA sequences did
not contribute significantly to the SOMs shown in Figs. IV.1 and IV.2A.
Because the G+C% of rDNAs is clearly higher than those of other genome
regions, rTDNAs were located near borders of or slightly apart from the
territory of the respective phylogenetic group.

During shotgun sequencing-based screens for industrially useful genes
from environmental microorganisms, many rDNA sequences are also
determined. In the shotgun approach, PCR primer design is unnecessary,
and unbalanced sequence amplification does not occur. I constructed Tetra-
and DegeTetra-SOMs with the 22,800 16S rDNA sequences from known
prokaryotes after normalization for the sequence length. Clear clustering
according to phylogenetic group was observed; 97% and 95% of sequences
were classified into the appropriate group territory on the Tetra- and
DegeTetra-SOMs, respectively, and the result of the Tetra-SOM 1is
presented (Known prokaryotes in Fig. IV.2B). The reason that the
Tetra-SOM gave the better classification than the DegeTetra-SOM may be
due to that directions of all DNA sequences compiled in the DNA
databases represented one polarity corresponding to rRNA sequences and
that the Tetra-SOM could detect the sequence characteristics of this polarity,
which could not be detected by the DegeTetra-SOM. The finding that the
hit level of 16S rDNA classification into the correct group territory was
higher than that of genomic sequences may indicate that the occurrence of
horizontal transfer of rDNAs, if present, is lower than that of other genome
portions. I then searched for 16S rDNA sequences from
species-unidentified prokaryotes in DDBJ/EMBL/GenBank and found
9,540 sequences longer than 1 kb. Because the purpose of 16S rDNA
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sequencing of the unidentified species is phylogenetic assignment with
reference to 16S rDNA sequences of species-known prokaryotes, the
phylogenetic groups assigned with conventional phylogenetic methods
such as sequence-homology searches are annotated in
DDBIJ/EMBL/GenBank for a large portion of the species-unidentified
sequences. I selected 3,320 sequences for which classification into the
major prokaryotic groups is indicated in DDBJ/EMBL/GenBank and
mapped them on the 16S rDNA Tetra-SOM for known prokaryotes. Nodes
that contain the sequences of a single group are indicated in color of the
annotated group, and those having sequences from more than one group are
marked in black (Unidentified prokaryotes in Fig. IV.2B). The major zones
were marked in color, and the color pattern resembled that of known
prokaryotes (Known prokaryotes in Fig. IV.2B), showing that assignments
based on SOM were almost the same to those obtained with conventional
phylogenetic methods. It should be stressed that with this metagenomic
method, PCR primer design is not needed, and unbalanced amplification
among distinct rDNAs is not a concern.

I next mapped the residual 6,220 rDNAs for which the phylogenetic
assignment is not noted in DDBJ/EMBL/GenBank. Although global pattern
for these uncharacterized sequences resembled that of the group-assigned
sequences, the proportion of sequences located near the borders of group
territories appeared to increase; map locations of all 6,220 rDNAs on the
Tetra-SOM are presented on Supplementary data IV.2. Sequences mapped
near territory borders may correspond to sequences derived from
prokaryotes for which 16S rDNA sequences have not been accumulated
and underrepresented in the present SOM.

Separation between prokaryotic and eukaryotic sequences

When considering phylogenetic classification of uncultured environmental
microorganisms, it is necessary to construct SOMs with both prokaryotic
and eukaryotic sequences because varieties of eukaryotic microorganisms
are present in the environmental sample. Furthermore, when
microorganisms symbiotic/parasitic with a higher eukaryote are analyzed,
sequences from this eukaryote may be included in the sequence collection.
To examine the SOM separation between prokaryotic and eukaryotic
sequences for a wider range of species than that analyzed in Chapter III,
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5-kb sequences from 13 eukaryotic genomes, which have been sequenced
extensively, were analyzed simultaneously with 5-kb sequences from the
147 prokaryotes used in Fig. IV.2. To avoid excess representation of
eukaryotic sequences and analyze an equivalent number of prokaryotic and
eukaryotic sequences, 5-kb eukaryotic sequences were selected randomly
from each eukaryote genome up to 25 Mb and DegeTetra SOM was
constructed with the 5-kb prokaryotic and eukaryotic sequences (Fig. IV.3).
The power of SOM to separate prokaryotic from eukaryotic sequences was
very high. 99.5% of prokaryotic sequences were classified into prokaryotic
territories, and 0.2% and 0.1% were classified into yeast S. pombe and S.
cerevisiae territories, respectively. Separation among eukaryotic genomes
was also apparent (Fig. IV.3B). Examples of SOM for simultaneous
analysis of eukaryotic and prokaryotic sequences, which was constructed
without the random selection for eukaryotic sequences, are presented on
Fig. III.1
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Figure IV.4. DegeTetra-SOMs of nonoverlapping 5-kb sequences from 147
prokaryotes and 13 eukaryotes. (A) Nodes that contain prokaryotic
sequences from more than one phylogenetic group are indicated in black,
and those that contain sequences from a single group are indicated in color
as follows:o-proteobacteria (=), B-proteobacteria (), y-proteobacteria (m),
d-proteobacteria (1), Archaea (m), Chlamydia (m), Firmicutes (m),
Actinobacteria (m), Fusobacteria (m), Thermotogae (m), Cyanobacteria (m),
and others (m=). Nodes that contain sequences from both prokaryotic and
eukaryotic sequences are also indicated in black and those contain
sequences only from eukaryotic genomes are indicated in color (). (B)
Nodes that contain sequences only from prokaryotic genomes are indicated
in color (). Nodes that contain sequences from a single eukaryotic species
are indicated in color as follows: Saccharomyces cerevisiae (),
Schizosaccharomyces pombe (1), Dictyostelium discoideum (),
Entamoeba histolytica (m), Plasmodium falciparum (=), Arabidopsis
thaliana (m), Medicago truncatula (m), rice Oryza sativa (m), maize Zea
mays (m), Caenorhabditis elegans (m), Drosophila melanogaster (m), puffer
fish Fugu rubripes (m), zebrafish Danio rerio (m), and Homo sapiens (m).
Nodes that contain sequences from more than one eukaryotic species or
from both eukaryotic and prokaryotic species are indicated in black.
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Sequences from Sargasso Sea samples.

Venter et al. (2004) recently applied “whole-genome shotgun sequencing”
to uncultured microbial populations collected from seawater samples from
the Sargasso Sea and determined a total of 1.05-Gb sequence:
approximately 811,000 sequence fragments have been deposited in
GenBank. To classify the species-unknown sequences into phylotypes, we
constructed in advance a DegeTetra-SOM with 210,000 non-overlapping
5-kb sequences from 1502 species-known prokaryotes for which at least
10-kb of sequence has been deposited in the DNA databases (Known
Species in Fig. IV.5A).The genomic sequences from 1502 prokaryotes were
used to obtain an SOM that is better suited for phylogenetic classification
of species-unknown sequences. With reference to the NCBI Taxonomy
Database, these 1502 prokaryotes were classified into 25 phylotypes, and
lattice points that contained sequences from one type are marked in color,
and those that contained sequences from more than one type are shown in
black. I next mapped Sargasso Sea sequences on the 5-kb DegeTetra-SOM
constructed with the sequences from the 1502 species-known prokaryotes
(Sargasso Sequences Fig. IV.5A). Evidently skewed distribution was
observed; there were zones where a large portion of the Sargasso sequences
were localized and also zones where the sequences were rarely classified.
This was clearly visualized by the 3D representation in which the number
of Sargasso sequences classified into each lattice point is indicated by the
height of the bar (3D in Fig. IV.5A). For example, a typical abundant zone
was found at the bottom left, which was composed primarily of very
AT-rich sequences. In this zone, sizes of individual territories of known
phylotypes were rather small and associated with each other in a rather
complex manner, indicating that sequences from phylotypes
underrepresented in the DNA databanks were located. A large number of
A+T-rich Sargasso sequences, for which there were no related sequences in
the DNA databanks, might be classified into the zone. To examine this
possibility, I next constructed a DegeTetra-SOM with the sequences from
the 1502 species plus Sargasso sequences (Fig. IV.5B), and colored the
lattice points that contained sequences from a single phylotype concerning
the species-known sequences, as described in Fig. IV.5A. Lattice points that
contained sequences from more than one group are shown in black and
those that contained only Sargasso sequences by a color (). The territories
of species-known sequences shrank appreciably when compared with the
territories in Fig. IV.5A, and a large area, especially at the left side
representing very AT-rich sequences, was occupied primarily by Sargasso
sequences. This is because four times more Sargasso sequences than the
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species-known sequences were included in this SOM and a large portion of
the Sargasso sequences had oligonucleotide frequencies distinct from those
of known species.

In the SOM method, distances between reference vectors of the
neighboring lattice points, which can be visualized with gray levels by a
Umatrix method (Kraaijveld et al., 1992; Ultsch, 1993; Livarinen et al.,
1994), provides valuable information concerning levels of differences in
characteristics of sequences classified into the neighboring lattice points in
the respective zone (Umatrix in Fig. IV.5B). Clustering of lattice points
with very low gray levels (and thus white) represents zones composed
primarily of sequences with similar oligonucleotide frequencies and thus
most likely of sequences derived from the same or closely related genomes.
In contrast, clustering of lattice points with high gray levels in Umatrix
may represent the regions containing sequences derived from
heterogeneous genomes of low abundance. In the case of sequences from
novel genomes of lower abundance even in an environmental sample,
sequences from the same or related species could not be represented
significantly in either the DNA databanks or the environmental sample. The
novelty of such sequences can be determined by calculating the distance
between the vector of the sequence and the reference vector of the
sequence-mapped lattice point (i.e., the lattice point with the minimum
distance from the sequence vector in the multidimensional space).
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Figure I'V.5 SOMs for phylogenetic classification of sequences from
Sargasso sequences. (A) DegeTetra-SOM of non-overlapping 5-kb
sequences of 1502 prokaryotes. Known species, sequence classification
into 25 prokaryotic groups. Lattice points that include sequences from more
than one phylogenetic group are indicated in black, and those that contain
sequences from a single group are indicated in color as follows:
o-proteobacteria (=), B-proteobacteria (- ), d-proteobacteria (m),
O-proteobacteria (), e-proteobacteria (=), Actinobacteria (m), Aquificae
(m), Bacteroidetes (m), Chlamydiae (m), Chlorobi (m), Chloroflexi (m),
Crenarchaeota (m), Cyanobacteria (m), Deinococcus-Thermus (m),
Dictyoglomi (=), Euryarchaeota (m), Fibrobacteres (m), Firmicutes (m),
Fusobacteria (m), Nitrospirae (m), Planctomycetes (=), Spirochaetales (=),
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Thermodesulfobacteriales (=), Thermotogales (m), and Verrucomicrobiae
(m). Sargasso All Sequences, 811,000 sequences from the Sargasso Sea
sample were mapped on the 5-kb DegeTetra-SOM after normalization of
the sequence length. Sargasso Contigs, 1-kb sequences derived from
contigs longer than 1 kb. 3D, 3D representation of Sargasso sequences.
Logarithm of the number of Sargasso sequences mapped on each lattice
points is indicated by the height of the bar. (B) SOM of species-known
sequences plus Sargasso sequences. DegeTetra-SOM was constructed with
211,000 5-kb sequences from 1502 prokaryotes and 811,000 Sargasso
sequences. Lattice points that contain sequences from a single prokaryotic
group regarding the species-known sequences are indicated in color as
described in Fig. 2B, those that contain sequences more than one group are
indicated in black, and those that contain only Sargasso sequences are
indicated in color (). known species, representation of Known species,
sequence classification into 25 prokaryotic groups. Umatrix, distances of
reference vectors between the neighboring lattice points visualized with
gray levels. Umatrix was calculated according to umat in the SOM_PAK
obtained from the URL
(http://www.cis.hut.fi/research/som-research/nnrc-programs.shtml).
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IV-4: DISCUSSION

The number of 23S rDNA sequences compiled in DNA databases was less
than 5% of that of 16S rDNAs. When 23S rDNA sequences longer than 1
kb were analyzed with the Tetra-SOM, they were again classified primarily
according to the phylogenetic groups (data not shown), indicating that 23S
rDNA sequences can also be used for the phylogenetic classification.
During course of extensive shotgun sequencing of an environmental sample,
substantial amounts of non-rDNA and rDNA sequences will become
available. Combined SOM analyses of non-rDNA and rDNA sequences
may provide detailed information for collective genomes in an
environmental sample on the basis of profound knowledge of the
phylogeny of rDNAs. This may also solve, at least in part, the
complications caused by horizontal transfer of sequences. For example,
when no rDNA sequences are found in a certain phylogenetic group
territory in the rDNA SOM but a statistically relevant amount of non-rDNA
sequences 1s found in this group territory in the SOM of genomic sequence,
the non-rDNA sequences may be candidates for horizontally transferred
sequences. In the case where a statistically relevant amount of rDNA
sequences maps to a certain group territory in the rDNA SOM and assigned
to be derived from one (or a few closely related) species with conventional
phylogenetic methods, a major portion of the non-rDNA sequences mapped
to this group territory in the genomic sequence SOM can be predicted to be
primarily derived from the respective genomes. When 16S rDNA data are
obtained by conventional PCR-based methods, the combination of these
results with the SOM data may also provide detailed phylogenetic
characterization of non-rDNA sequences. Collectively, the combination of
SOM for rDNA and non-rDNA sequences will reconstruct in silico the
rDNA and non-rDNA sequences that belong to a single genome but were
cloned independently. Integration of SOM into metagenomic strategies can
further enhance genomic studies of biodiversity and screens for useful
genomic sequences in collective genomes obtained from specific
environments.

The finding of rumen samples (Fig. IV.2A) indicates that the present
method is useful also for survey of pathogenic microorganisms in clinical
laboratory samples (e.g., feces, sputum and snivel), especially those that
can not be cultured easily. Because no sequence information is required in
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advance, the method may be useful for identification of pathogenic
microorganisms that cause novel, unclear infectious diseases. It is worthy
noting that viral sequences were accurately separated from prokaryotic
sequences on the 5-kb DegeTetra-SOM (data not shown).

In the present study, I constructed SOMs of the genomes, for which
almost complete sequences are available, to avoid complications caused by
redundant genomic sequences in DDBJ/EMBL/GenBank. When
considering phylogenetic classification of environmental microorgansms, it
would be worthwhile to construct SOMs of all sequences from known
species for extracting sequence characteristics in a wider rage of genomes.
In the case of sequences from totally novel organisms, sequences even from
related species are underrepresented in the SOM. Importantly, such novel
sequences can be identified accurately by calculating distance between the
vector of the respective sequence data and that of the sequence-mapped
node (i.e., the node with the minimum distance from the sequence data) in
the multidimensional space.

IV-5: SUMMARY

I constructed SOMs of tetranucleotide frequencies in 1- and 5-kb sequences
from prokaryotic genomes for which complete sequences are available.
Sequences were clustered primarily according to species and to 11 major
prokaryotic groups without any information regarding the species. SOM is
a powerful tool for phylogenetic classification of genomic sequences and is
thought to be most useful for classification of sequence fragments obtained
from mixed genomes of uncultured environmental microorganisms. With
this method, all non-rRNA sequences in DDBJ/EMBL/GenBank that were
from unidentified or uncultured prokaryotes and longer than 1 kb were
classified into 11 major prokaryotic groups. The result indicated that the
method is also useful for survey of pathogenic microorganisms causing
novel, unclear infectious diseases. SOM also classified 16S rRNA
sequences accurately into phylogenetic groups.

64



Chapter V: Inter- and Intraspecies Characterizations of
Eukaryotic Genome Sequences and In Silico Prediction of
Genetic Signal Sequences

V-1: INTRODUCTION

Novel tools are needed for comprehensive comparisons of not only inter-
but also intraspecies characteristics of massive amounts of increasingly
available genomic sequences. In this chapter, I first constructed SOM with
the frequencies of tri-, tetra-, and pentanucleotides in most (if not all)
eukaryotic genomes for which almost complete sequence data are available.
Then, I constructed SOM with oligonucleotide frequencies in 10-kb
sequences from 2.8 Gb of human sequences and focused on
oligonucleotides with frequencies characteristically biased from random
occurrence in connection with possible in silico prediction of genetic signal
sequences. The identification and analysis of a wide range of genetic
functional signals (e.g., protein binding sites or gene regulatory sites such
as promoters, ribosome-binding sites, and transcriptional initiating and
terminating sites) are important. Common approaches to finding functional
signals include the consensus sequence method, the weight matrix method,
and the neural network method. In this chapter, I propose that SOM can
provide a novel, systematic method to search for candidates for signal
sequences.

V-2:  RESULTS

SOMs for 13 eukaryotic genomes

To investigate the clustering power of SOM for a wide range of eukaryotic
sequences, I first analyzed tri-, tetra-, and pentanucleotide frequencies in
300,000 non-overlapping 10-kb sequences and overlapping 100-kb
sequences with a 10-kb sliding step derived from the 13 eukaryotic
genomes (a total of 3 Gb) listed in Fig. V.1. The SOM adapted for genome
informatics was constructed as described in Chapter II. First, frequencies
for the 300,000 10-kb sequences were analyzed by PCA, and the first and
second principal components were used to set the initial weight vectors.
After 80 learning cycles, oligonucleotide frequencies of the 10-kb
sequences were represented by the final weight vectors arranged as a
two-dimensional array, and the resulting SOM revealed clear
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species-specific separations. The sequences were clustered primarily into
species-specific territories (Fig. V.1); nodes that contain sequences from a
single species are indicated in color and those that contain sequences from
more than one species are indicated in black. Comparison of the sequence
classification in the 10-kb trinucleotide SOM (Tri-SOM, Fig. V.1A) with
classification by the initial vectors (PCA in Fig. V.1A), which were set by
the first and second principal components, revealed that sequences from
one species were far more tightly clustered in the Tri-SOM. Species
clustering appeared to increase in the tetra- and pentanucleotide SOMs
(Tetra- and Penta-SOMs; Fig. V.1B and C). For example, 94%, 97%, and
98% of human sequences were classified into the human territories (m in
Fig. V.1) in the 10-kb Tri-, Tetra-, and Penta-SOMs, respectively.

When global characteristics of oligonucleotide frequencies in the genome
are considered, distinction in frequencies between the complementary
oligonucleotides (e.g. AAAC versus GTTT) may not be important. It was
noted in Chapter IV that Tetra- and Penta-SOMs require long computation
times. Therefore, SOMs were also constructed with frequencies of
Degenerate sets in which frequencies of a pair of complimentary
oligonucleotides were added (DegeTetra- and DegePenta-SOMs). This
roughly halved the computation time without appreciable loss of clustering
power (Fig. V.1B and C).

The G+C% obtained from the weight vector representative of each node
in the Tri-SOM was reflected in the horizontal axis and increased from left
to right (G+C% in Fig. V.1A); high G+C% sequences (red in the G+C%
panel) were located on the right side of the map, and similar results were
obtained for the Tetra- and Penta-SOMs (data not shown). In the 10-kb
SOMs, intraspecies separations were evident. For example, human was
divided into two major territories in the 10-kb Tri- and Tetra-SOMs. In the
Penta-SOM (Fig. V.1C), however, human sequences were classified into a
single territory, indicating that despite wide variations among human 10-kb
sequences, the SOM recognized the common features in the
pentanucleotide usages. In the 100-kb SOMs, interspecies separations were
very prominent, and the species territories were surrounded by contiguous
white nodes, which contained no genomic sequences. The vectors of the
species-specific nodes even near a territory border were distinct between
territories, and the species borders primarily could be drawn automatically
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on the basis of the contiguous white nodes as noted in Chapter III. The
intraspecies separations were less evident in the 100-kb SOMs and all
species had one major territory in the 100-kb Tetra- and Penta-SOMs (Fig.
V.1B and C). When I inspected the 100-kb SOMs in detail, there were
several minor territories composed of small numbers of sequences with
specific characteristics. For example, a minor territory for Arabidopsis (=)
located between the rice (m) and Fugu (m) territories was composed
primarily of sequences from centromeric and subcentromeric regions.
Analysis of intraspecies separations may provide fundamental information
regarding structures of individual genomes.
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Figure V.1. SOMs for non-overlapping 10-kb and overlapping 100-kb
sequences of 13 eukaryotic genomes. (A) Tri-SOMs. PCA, sequence
classification by the initial weight vectors set by PCA for the 10-kb
Tri-SOM. G+C% for each node in the 10-kb Tri-SOM was calculated and
divided into five categories with an equal number of nodes. The nodes
belonging to the categories of the highest, second-highest, middle,
second-lowest, and lowest G+C% are shown in dark red, light red, white,
light blue, and dark blue, respectively. (B) Tetra- and DegeTetra-SOMs. (C)
Penta- and DegePenta-SOMs. Nodes that contain sequences from more than
one species are indicated in black, those that contain no genomic sequences
are indicated in white, and those containing sequences from a single
species are indicated in color as follows: Saccharomyces cerevisiae (),
Schizosaccharomyces pombe (), Dictyostelium discoideum (),
Entamoeba histolytica (m), Plasmodium falciparum (=), Arabidopsis
thaliana (m), Medicago truncatula (m), rice Oryza sativa (m),
Caenorhabditis elegans (m), Drosophila melanogaster (m), puffer fish Fugu
rubripes (m), zebrafish Danio rerio (m), and Homo sapiens (m).
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Diagnostic oligonucleotides for species separations
SOM recognized the species-specific combinations of oligonucleotide
frequencies that is the representative signature of each genome, and
therefore, allowed to identify the sequence patterns that are characteristic of
individual genomes. The frequency of each oligonucleotide in each node in
the 100-kb SOMs was calculated and normalized with the level expected
from the mononucleotide composition in each node, and the
observed/expected ratios thus normalized are illustrated in red
(overrepresented), blue (underrepresented), or white (moderately
represented) in Fig. V.2. This normalization allowed oligonucleotide
frequencies in each node to be studied independently of mononucleotide
compositions. For example, differences in the frequencies of CG- and
GC-containing oligonucleotides can be detected sensitively irrespective of
G+C% difterences, just as the CG-deficiency in mammalian genomes was
detected (Karlin et al. 1998, 2002; Gentles et al. 2001; Bird et al. 1985).
Transitions between red (overrepresentation) and blue
(underrepresentation) for various tetra- and pentanucleotides often
coincided exactly with species borders. Several diagnostic examples for the
species separations are presented in Fig. V.2. AATT was overrepresented in
rice, Drosophila, and C. elegans; underrepresented in Fugu and zebrafish;
and moderately represented in human and Arabidopsis. CAGT was
overrepresented in all three vertebrates but underrepresented in both plants.
Results for a pair of complementary tetranucleotides were nearly identical,
and therefore, only data for one tetranucleotide are presented. For all panels
of individual tetranucleotides, see Supplementary Data V.1. In the case of
pentanucleotides, examples for DegePenta-SOM are presented (Fig. V.2B).
(ACAGGH+CCTGT) and (CGACG+CGTCQG) were over- and
underrepresented, respectively, in all three vertebrates; and
(CGAAA+TTTCG) was overrepresented in Drosophila and C. elegans and
moderately represented in S. pombe. SOMs utilized a complex combination
of many oligonucleotides for sequence separations, which results in
classification according to species.
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Figure V.2. Level of each tetranucleotide (A) and that of each pair of
complimentary pentanucleotides (B) in 100-kb SOMs. Diagnostic
examples of species separations are presented. Levels of individual
tetranucleotides and of pentanucleotide pairs for each node in the 100-kb
Tetra- and DegePenta-SOMs, respectively, of Fig. V.1 were calculated and
normalized with the level expected from the mononucleotide composition
of the node. The observed/expected ratio is indicated in colors at the
bottom of the figure. The 100-kb SOMs in Fig. V.1B and C are presented in
the first panel with letters indicating species name: C. elegans (C),
Arabidopsis (A), rice (R), Drosophila (D), Fugu (F), zebrafish (Z), and
human (H). For other species, refer to the colors in Fig. V.1.
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SOM with sequences from one genome and in silico prediction of
genetic signals

To investigate the clustering power of SOM for intraspecies separations of
sequences from one genome, human genomic sequences were analyzed. |
constructed Tetra- and Penta-SOMs with nonoverlapping 10-kb and
overlapping 100-kb sequences derived from 2.8 Gb of human sequence and
present the 10-kb Tetra-SOM (Fig. V.3A). I calculated the levels of
individual oligonucleotides in each node after normalization for the
mononucleotide composition of each node. Several representative
tetranucleotide patterns in the 10-kb SOM, including those
underrepresented (blue) and overrepresented (red) across the entire zone
(see AACG and TTCC, respectively), are presented in Fig. V.3B. For all
patterns, refer to Supplementary Data V.2. In the present study, I focused on
tetranucleotides that were represented significantly in restricted portions in
the 10-kb SOM (red and white spots in the blue zone) but were
underrepresented across the entire zone in the 100-kb SOM. One type of
the examples corresponded to tetranucleotides containing one CG plus two
C/G, for which similar patterns of local overrepresentation were observed
(type A). These tetranucleotides corresponded to the constituent elements
of GC-box, which is a well-characterized transcription signal (Philipsen et
al. 1999). TTAA, ATAA, and ATTA, which are the constituent elements of
TATA-box (Roeder et al. 1996), had patterns similar to those of type A
tetranucleotides while the sequences were totally different (type B). Other
characteristic patterns were observed, and some were similar. To
investigate the biological significance of tetranucleotides with local
overrepresentation patterns, the level of each tetranucleotide in the node,
which represented the level of 10-kb sequences classified into this node,
was plotted along the chromosome 21q sequence (Fig. V.3C). Distribution
patterns of types A and B tetranucleotides and several others are presented;
for all tetranucleotide panels, see Supplementary Data V.3. Types A and B
had similar patterns, and significant representations (red and white) were
observed in gene-rich regions. In various portions of the chromosome,
distribution patterns of GATC and AGTA also resembled those of types A
and B. All these tetranucleotides were represented at higher levels in
gene-rich regions also in chromosomes 20 and 22 (data not shown),
suggesting that these tetranucleotides are related to gene structure, function,
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and/or regulation. Karlin and colleagues (Karlin et al. 1998, 2002; Gentles
et al. 2001) found that di-, tri-, and tetranucleotide frequencies in one
genome were highly correlated, and therefore, dinucleotide frequencies
capture major characteristics of the species-specific oligonucleotide
frequencies. Because of this fundamental genome feature, I could
sensitively select specific tetranucleotides that were underrepresented in
most regions in the Tetra-SOM but whose constituent trinucleotides were
rather overrepresented in the Tri-SOM. Because underrepresentation of the
tetranucleotides was not due to that of constituent trinucleotides, the
underrepresentation may reflect the biological significance of the
tetranucleotide, as observed for the restriction site sequences in prokaryotic
genomes (Karlin et al. 1997). Underrepresentation of ATTG could not be
explained by levels of ATT and TTG and thus belonged to this type. The
distribution of ATTG was concentrated in gene-poor regions (Fig. V.3C),
suggesting that this sequence might not be related directly to gene function
or structure.

Wide varieties of oligonucleotide sequences function as genetic signals
(e.g., regulatory signals for gene expression). When genetic signal
sequences are considered with respect to their occurrence patterns in the
genome, they may be classified into different categories. In one category,
the oligonucleotide sequence occurs across the genome at such a level as
that predicted by the random occurrence based on the mononucleotide
composition, and a combination with other sequences is a prerequisite for
the sequence to function as a signal. In contrast, when an oligonucleotide
sequence has a distinct activity, such as binding a target protein, its
occurrence may be biased from the random level and vary significantly
across the genome. For example, binding sequences for gene-regulatory
proteins that belong to the latter category, may be underrepresented in
comparison with random occurrence across most regions of the genome but
would be more prevalent in gene-regulatory regions. In other words, such
signals would be underrepresented across the entire zone of the SOM with
a wide window (e.g., 100-kb SOM) but could occur at higher frequencies in
restricted portions in the SOM with a much narrower window (e.g., 10-kb
SOM). Furthermore, other transcription signals may also be
overrepresented in these restricted portions because multiple transcription
signals are usually clustered in gene-regulatory regions. The finding that
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various tetranucleotides including types A and B had characteristics
predicted for the signals indicates that SOM can provide a tool for in silico
prediction of genetic signal sequences. When signal sequences predicted
with SOMs are compared with actual signals determined from experimental
data, behaviors of signal sequences on SOMs may be cataloged. On the
basis of the knowledge gleaned from the organisms well studied with
various molecular techniques, it may be possible to develop an in silico
method that is most useful for signal prediction in genomes that have been
sequenced but for which there is little additional data. Because the number
of such genomes has increased rapidly, development of this in silico
method has become increasingly important.

Genetic signals, such as transcription signals, are typically longer than
tetranucleotides. Therefore, analyses of longer oligonucleotides are needed
to test the feasibility of the proposed method. It is also conceivable that
detailed comparisons between the SOMs for different length
oligonucleotides could elucidate the sequence length of the actual,
functional signals. I thus examined underrepresented pentanucleotides in
the human genome in the same manner as tetranucleotides. Examples
where distribution patterns were distinct between the gene-rich and -poor
regions are presented in Fig. V.3D. The local, specific representation
patterns were often clearer than those of tetranucleotides, suggesting that
many tetranucleotides of interest are constituent elements of signals with
longer lengths. If the window sizes of SOMs are narrowed to less than 10
kb, different categories of signal sequences may be detected. Comparisons
among the SOMs with different length oligonucleotides and different size
windows may reveal various features of genetic signal sequences in the
genome.

As a preliminary application of this method, I analyzed the zebrafish
genome, which has been sequenced recently
(http://www.sanger.ac.uk/Projects/D_rerio/). The 10- and 100-kb
DegeTetra- and DegePenta-SOMs were constructed, and degenerate
pentanucleotides that were underrepresented across most portions in the
100-kb SOM but were represented significantly in restricted portions in the
10-kb SOM were focused on. Representative patterns of local, specific
representations in the 10-kb DegePenta SOM are presented in Fig. V.3E.
These includes pentanucleotides whose constituent tetranucleotides were
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rather overrepresented across most regions in the 10-kb DegeTetra-SOM
(type A) or did not show local, specific representations in the
DegeTetra-SOM (type B).
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Figure V.3. SOMs with human genomic sequences. (A) Three-dimensional
presentation of the 10-kb Tetra-SOM for human sequences. The number of
sequences classified into each node is indicated by the height of the bar. (B)
Characteristic examples of tetranucleotide levels in the 10-kb SOM are
presented. The level of each tetranucleotide was calculated and presented as
described in Fig. V.2. (C and D) Tetra- and pentanucleotide levels,
respectively, are plotted from the centromere to the telomere along human
chromosome 21q in blue, white, and red. Locations of genes are indicated
in green at the top of the panel, and the 7-Mb gene-poor region is noted
with a bidirectional arrow. (E) Representative examples of pentanucleotide
levels in the 10-kb DegePenta-SOM for the zebrafish genome are presented.
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V-3:  DISCUSSION

Wide varieties of oligonucleotide sequences function as genetic signals
(e.g., regulatory signals for gene expression). My finding that various
tetranucleotides (e.g., types A and B) have characteristics consistent with
those of transcription signals indicates the possibility that SOM may be a
novel tool for characterization and in silico prediction of genetic signal
sequences. Genetic signals, such as transcription signals, are typically
longer than tetranucleotides, and therefore, analyses of longer
oligonucleotides are needed to test this possibility. I examined
underrepresented pentanucleotides in the human genome in the same
manner as described for tetranucleotides. Examples where distribution
patterns were distinct between the gene-rich and -poor regions are
presented in Fig. V.3D along with the four signal pentanucleotides
described later. The local, specific representation patterns of
pentanucleotides were often clearer than those of tetranucleotides,
suggesting that many tetranucleotides of interest are constituent elements of
signal sequences with longer lengths (e.g., GC-box).

Recognition mechanisms of genetic signal sequences and occurrence
levels of the respective sequences across the genome are thought to be
related. When an oligonucleotide sequence has a distinct activity, such as
high-affinity binding to a specific target protein, the occurrence level may
be biased from that predicted by random assortment and may vary
significantly across the genome. For example, an oligonucleotide sequence
with a high affinity for a transcription factor would be underrepresented
across most regions of the genome but would be more prevalent in regions
that regulate gene expression; such sequences would be underrepresented
across the entire zone of the SOM with a wide window (e.g., 100-kb) but
would occur at higher frequencies in restricted portions of the SOM with a
much narrower window (10-kb). In contrast, when some signal sequences
occur across the genome at frequencies similar to or higher than those
predicted by random occurrence, combination with other signal sequences
closely situated should be a prerequisite for the sequence to function as a
regulatory signal. The TRANSCompel database
(http://compel.bionet.nsc.ru/new/compel/compel.html) contains data
regarding combinatorial regulatory units composed of two cis binding
elements closely situated. Information regarding the frequencies of the
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oligonucleotides with transcription factor binding activities may provide
insight into the mutual role of oligonucleotides that comprise combinatorial
units for transcriptional regulation (e.g., differential contribution in
specificity determination). Collectively, SOM data concerning levels of
oligonucleotides with factor binding activities will enable me to categorize
and visualize distinct behaviors of a variety of genetic signal sequences on
SOMs. By referring to the behaviors of signal sequences determined for
well-studied organisms, I can possibly develop an in silico method to
predict signal sequences in genomes that have been sequenced but for
which there is little additional experimental data.

As a preliminary step toward developing such an in silico approach, I
characterized pentanucleotide sequences known to have transcription factor
binding activities. I screened the TRANSFAC database
(http://transfac.gbf.de/TRANSFAC) for pentanucleotides that are
considered binding sequences for mammalian transcription factors. In the
database, there are 22 pentanucleotides that are reported to be factor
binding sequences by literatures. However, when I checked these sequences
in detail by referring to the MATRIX table in the database, most were
constituents of much longer signal sequences. Four pentanucleotides were
selected as main determinant sequences for transcription factor binding:
NF-Y binding site CCAAT (Mantovani et al. 1998), GATA-1 factor binding
site GATAA (Evans et al. 1988), KLF binding site CACCC (Philipsen et al.
1999), and NF-1 binding site TGGCA (Borgmeyer et al. 1984; Nowock et
al. 1985). In Fig. V.4A and B, I show the distribution patterns of these four
pentanucleotides, together with a typical pattern of the GC-box core
element (CGCCC), in the 10- and 100-kb Penta-SOMs, respectively, for the
2.8 Gb of human sequences. GATA A was underrepresented in most regions
of both 10- and 100-kb SOMs. CCAAT was underrepresented in most
regions of the 100-kb SOM but was represented at higher levels in
restricted regions of the 10-kb SOM. Detailed comparison of the
distribution of CCAAT with that of the core element of the GC-box showed
that zones with a high frequency of CCAAT were distinct from those of the
GC-box sequence in the 10-kb SOM (Fig. V.4A). The distribution on
chromosome 21q (the lowest panel in Fig. V.3D) showed that the CCAAT
pentanucleotide was more abundant in gene-poor regions than gene-rich
regions; in Fig. V.3D, distribution patterns of four signal pentanucleotides
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are presented. Interestingly, CCAAT appeared to be most dense in the 7-Mb
of the gene-poorest region found by Hattori et al. (Hattori et al. 2000). This
pentanucleotide is recognized with high affinity and specificity by the
heterotrimeric transcription factor NF-Y with two histonic subunits NF-YB
and NF-YC, which resemble histones H2A and H2B (Ronchi et al. 1995).
NF-Y can bind DNA at different steps during nucleosome formation and
bend DNA strands. Considering these functions of NF-Y and its high
affinity for CCAAT, the clustering in gene-poor regions might be related to
specific chromatin structures in these regions. CACCC and TGGCA were
overrepresented across most regions of the 10- and 100-kb SOMs (Fig.
V.4A and B) and on chromosome 21q (Fig. V.3D). Such abundant
sequences may require additional, specific sequences for proper regulation
of gene expression and/or may correspond to binding sites for ubiquitous
DNA-binding factors. In the case of TGGCA, the functional signal
sequence for transcriptional regulation is a pair of two complimentary
pentanucleotides closely situated (Borgmeyer et al. 1984; Nowock et al.
1985). This could explain, at least in part, the overrepresentation of this
pentanucleotide. Systematic categorization of the frequencies of known
signal sequences across a genome is fundamental information that is
valuable for understanding the molecular mechanisms that underlie proper
signal recognition. When characteristic oligonucleotides, both
underrepresented and overrepresented in the genome, are considered,
various factors, including DNA conformational tendencies and
context-dependent mutation and modification of DNA, are thought to be
responsible (Karlin et al. 1998;Rocha et al. 1998; Gentles et al. 2001; Pride
etal. 2003).

SOM can illustrate oligonucleotide frequencies for a wide variety of
genomes on a single map. In Fig. V.4C and D, I present the occurrence
pattern in the 10- and 100-kb Penta-SOMs for 13 eukaryotes (Fig. V.1C) of
each of four mammalian signal sequences aforementioned. GATAA was
underrepresented in all these eukaryotes except Plasmodium and
Dictyostelium; CCAAT was underrepresented in most genomic regions of
the three vertebrates but overrepresented in the two plants and the two
invertebrates. These findings may provide fundamental information
regarding the mechanisms of signal recognition in individual species and
the evolutionary processes that established the signal recognition system.
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SOM can identify oligonucleotides with frequencies that are biased from
randomness on a two-dimensional map. Furthermore, because the genomic
sequences with the specific characteristics were self-organized on the map,
the genomic locations of such sequences could be easily plotted along the
chromosomes (Fig. V.3C and D). When known signal sequences like
transcription factor binding activities of various species with enough
experimental data are characterized and categorized systematically with
SOMs, I can possibly develop an in silico method of signal prediction most
useful for genomes that were sequenced but for which there is little
additional experimental data. Because the number of such genomes has
increased rapidly, development of such an in silico method has become
increasingly important.
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A Penta-SOM for human, 10-kb window

B Penta-SOM for human, 100-kb window
CG CC AAT GATAA CACCC TGGCA

AL

C  Penta-SOM for 13 eukaryotes, 10-kb window
cGeece CCAAT
- -

GATAA CACCC TGGCA

D Penta-SOM for 13 eukaryotes, 100-kb window

CGCCC ___CCAAT GATAA

Figure V.4. Characterization of genetic signal sequences. (A and B)
Pentanucleotide levels in the 10- and 100-kb SOMs for 2.8 Gb of human
sequences, respectively. (C and D) Pentanucleotide levels in the 10- and
100-kb SOMs for the 13 eukaryotes presented in Fig. V.1C, respectively. The
level of each pentanucleotide was calculated and presented as described in
Fig. V.2.
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V-4: SUMMARY

I generated SOMs for tri-, tetra-, and pentanucleotide frequencies in
300,000 10-kb sequences from 13 eukaryotes for which almost complete
genomic sequences are available (a total of 3 Gb). SOM recognized in most
10-kb sequences species-specific characteristics (key combinations of
oligonucleotide frequencies), permitting species-specific classification of
sequences without any information regarding the species. Because the
classification power is very high, SOM is an efficient and powerful tool for
extracting a wide range of genomic information. SOM constructed with
oligonucleotide frequencies in 10-kb sequences from 2.8 Gb of human
sequences identified oligonucleotides with frequencies characteristically
biased from random occurrence predicted from the mononucleotide
composition, and 10-kb sequences rich in these oligonucleotides were
self-organized on a map. Because these oligonucleotides often
corresponded to genetic signals or the constituent elements, I propose an in
silico method that should be useful for identification of genetic signal
sequences in genomes for which large amounts of sequence data like
transcription factor binding activities are available but additional
experimental data are lacking.
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Chapter VI: In Silico Classification of Gene and Genomic Sequences
of Human and Mouse according to Functional Categories

VI-1: INTRODUCTION
In the era of extensive genome sequencing, it is important to predict numerous
functions of gene and genomic sequences utilizing increasingly available
sequences. Sequencing of cDNAs derived from RNA transcripts is one of most
promising source of information useful for functional prediction of gene
sequences. Efforts to determine full-length cDNA sequences and catalogue the
transcripts provide essential tools to facilitate functional analysis of the
transcripts, and recent studies have been extended to non-protein-coding
transcripts (ncRNA) (Huttenhofer et al. 2001; Marker et al. 2002). For example,
an international collaborative study to analyze the full-length mouse cDNA
sequences reported that ncRNAs may be one major component of the
transcriptome (Okazaki et al. 2002). In addition to the roles in protein synthesis
(ribosomal and transfer RNAs), ncRNAs have been implicated in roles that
require highly specific nucleic acid recognition, such as in directing
post-transcriptional regulation of gene expression or in guiding RNA
modifications (Eddy 2001; Mattick 2002). Even in the case of protein-coding
cDNAs, it has become increasingly important to predict functions of
untranslated regions (UTRs). The 5'- and 3'-UTRs of eukaryotic mRNAs play a
crucial role in post-transcriptional regulation of gene expression modulating
nucleo-cytoplasmic mRNA transport, translation efficiency, subcellular
localization, and stability (Curtis et al. 1995; Decker and Parker 1995; Chen and
Shyu 1995; Mazumder et al. 2003).

New systematic approaches are needed for comprehensive analyses of
massive amounts of available cDNA sequences, which can be aimed not
only at protein-coding sequences (CDSs) but also at UTRs and ncRNAs. In
this chapter, I constructed SOMs with oligonucleotide frequencies in 37,086
full-length mouse cDNA sequences whose expression was confirmed in
separate experimental approaches (Okazaki et al. 2002), and found
separation between protein-coding and noncoding cDNAs on the SOMs. |
also analyzed 5’ and 3° UTR sequences compiled in UTRdb (Graziano et al.
1998, 2002) and found that these sequences tended to cluster according to
the functional categories. Additionally, I constructed SOMs of
oligonucleotide frequencies in 1-kb genomic sequences from mouse and
human genomes and found that SOM could detect differential sequence
characteristics of 5” and 3° UTRs, CDSs, introns, and ncRNAs.
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VI-2: RESULTS

SOMs for full-length mouse cDNA sequences

I constructed SOMs with tri-, tetra-, and pentanucleotide frequencies in the
37,086 full-length mouse cDNA sequences (Tetra- and Penta-SOMs are shown
in Fig. VI.1). Nodes that contain only the sequences for protein-coding cDNAs
are marked in violet, those containing only the sequences for ncRNAs are
marked in red, and those containing the sequences of both categories are marked
in black. A major portion of the sequences of the two categories was separated
from each other in all SOMs constructed. In the right-hand side, there was one
broad satellite zone of ncRNAs (Fig. VI.1), where ncRNAs with CpG island
and/or with antisense activity were enriched. Detailed investigation of the
number of cDNAs assigned to each node showed that evident clustering of
protein-coding cDNAs in multiple nodes. To show this graphically, the number
of sequences classified into each node was represented by the height of the
vertical rod; in the nodes containing sequences of two categories, the number of
the major and minor category in one node is represented by the height of the
upper and lower part of the vertical rod, respectively, using a color specifying
the category (3D in Fig. VI.1). One factor responsible for the separation between
protein-coding and non-coding cDNAs might be the characteristics derived from
codon usage pattern which can be defined only in CDSs. It is also conceivable
that characteristics even of UTR sequences differ from those of ncRNAs. To
examine these possibilities, the 5’ and 3° UTR and CDS sequences of
protein-coding cDNAs were separately analyzed, together with ncRNAs. To
avoid potential artifacts caused by redundant sequences of UTRs, we used
mouse UTR sequences compiled in UTRdb, which is a specialized database of 5'
and 3' UTRs of eukaryotic mRNAs cleaned from redundancy. Furthermore, in
UTRdb, polyA-tail sequences in 3° UTRs are removed systematically, and this is
crucial for omitting trivial, evident effects of polyA-sequences on
oligonucleotide frequency in 3° UTRs. To get statistically meaningful results,
UTR sequences shorter than 100 nucleotides were omitted from this analysis.
Clear separation among the four functional categories (5* and 3’ UTRs, CDSs,
and ncRNAs) was observed on Tri-, Tetra-, and Penta-SOM (Penta-SOM is
presented in Fig. VI.2). A major portion of 3’ UTRs was located in the left-hand
and bottom part and a major portion of 5> UTRs was located in the right side. A
major portion of ncRNAs was located in the upper part, but there was one
satellite zone in the right, lower side closely associated with the 5° UTR territory,
where ncRNAs with CpG island were enriched. When UTRs and ncRNAs with
antisense activity were focused on, these tended to be located away from the
respective major territory and often to be closely associated with CDS territories.
The finding that a major portion of ncRNAs was located separately from 3’ and
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5> UTRs showed that the separation between protein-coding and non-coding
sequences found in Fig. VI.1 was not due to a simple reflection of codon usage
patterns in CDSs. The finding that territories of one functional category were
split into several zones will be discussed below.
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3D

<

DS(H), ncRNA(H)

Fig. VI.1 SOM with mouse cDNA sequences. (A and B) Tetra- and Penta-
SOMs, respectively. Nodes that contain only the sequences for protein-coding
cDNAs are marked in violet, those containing only the sequences for ncRNAs
are marked in red, and those containing the sequences of both categories are
marked in black. 3D: three-dimensional presentation of the SOMs.
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A 5’ UTR (H), 3’ UTR (M), CDS (H), ncRNA (H)

3’ UTR, ncRNA 5’ UTR, ncRNA

R iy

3’ UTR, CDS 5’ UTR, CDS

Fig. VL.2 SOM with mouse cDNA and UTRs sequences. (A) Three-dimensional
presentation of four functional categories (5’ and 3° UTRs, CDSs, and ncRNAs)
on Penta-SOM. Nodes that contain only the sequences for 3’ and 5° UTR are
marked in green and blue, respectively, and those containing only the sequences
for protein-coding cDNAs and ncRNAs are marked in violet and red,
respectively. (B) Comparison of sequence location between two functional
categories (3 UTR and ncRNA; 3’ UTR and CDS; 5° UTR and ncRNA; 5’UTR
and CDS). Nodes that contain only the sequences of one category are marked in
the color representing the category.
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SOMs for mouse and human genomic sequences and mapping of UTR, CDS
and intron sequences on the SOMs

In the SOM analyses of cDNA sequences, it is impossible to compare sequence
characteristics of UTRs, CDSs, and ncRNAs with those of introns and franking
sequences. Therefore, I constructed Tri-, DegeTri-, and DegeTetra-SOMs with
1-kb sequences derived from 2.3 Gb mouse genomic sequences
(DegeTetra-SOM is shown in Fig. VI.3A). Then, five functional categories of
sequences (5” and 3° UTRs, CDSs, ncRNAs, and introns) were mapped on the
1-kb SOMs (Fig. VI.3B) in order to compare and clarify characteristics of
oligonucleotide frequencies in these functional sequences. Sizes of many exons
and introns were far shorter than 1 kb. In order to get statistically meaningful
results, contiguous exons or introns of each functional sequence (e.g., each CDS)
were concatenated and followed by segmentation into 1-kb sequences, and
oligonucleotide frequencies in these sequences were mapped on the SOMs
constructed with 1-kb mouse genomic sequences. While introns distributed
rather dispersedly on the SOM, punctuated and differential distributions of 5’
and 3’ UTRs, CDSs, and ncRNAs were observed. This revealed distinct
characteristics in oligonucleotide frequency between the functional categories,
showing that SOM could detect the sequence characteristics specific to the
functional regions. Importantly, the territory of each functional category was
divided into multiple zones. It is also worthy of noting that there was a
characteristic zone in the right and lower part of the DegeTetra-SOM, where
sequences of 5" and 3’ UTRs and CDSs were closely associated. This may reflect,
at least in part, their closely related functions such as antisense activity; the
SOM was constructed with the frequencies of the degenerate set of
complimentary tetranucleotides, and therefore, two complimentary sequences
tend to locate close to each other.

To examine generality of the finding obtained with mouse sequences to other
mammalian genomes, Tri-, DegeTri-, and DegeTetra-SOM were constructed
with 1-kb sequences from 2.8 Gb human genomic sequences and sequences of
four functional categories (5’ and 3° UTRs, CDSs, and introns in protein-coding
genes) were mapped on the SOM (Fig. VI.4B,C). Confirming the results of
mouse sequences, inter- and intra-category separations were observed. Introns
again distributed more dispersedly than UTRs and CDSs. In the analysis of
human sequences, ncRNAs were not included because systematically curated
compilation of human ncRNAs was reported in no public databases. However, in
the case of the human genome, a curated dataset of the 5’ franking sequences of
a wide rage of genes can be obtained from the TRANSFAC database. I selected
2-kb sequence upstream of the transcriptional start site of each gene and
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segmented into 1-kb sequences, followed by mapping of the two sets of the
segmented 1-kb sequences on the 1-kb DegeTetra-SOM (Fig. V1.4C). Because
the two sets gave similar results, the collective 1-kb sequences were treated as
the 5° franking sequences. The location of the 5” franking sequences was most
restrictive and many sequences were overlapped partly with a portion of the 5°
UTR territory (Fig. VI.4C). Close association of the 5’ franking sequences with a
portion of the 5° UTRs may relate, at least in part, with multiple start sites of
transcription, as well as the presence of CpG islands.

The 5’ and 3 UTRs of eukaryotic mRNAs play a crucial role in
post-transcriptional regulation of gene expression by modulating mRNA
transport, translation efficiency, subcellular localization, and stability. The
separations in either 5’ or 3> UTRs on SOMs may correspond, at least in part, to
these differential functions. As a preliminary attempt to know correlation of the
intra-category separation with functional differences, functions of human genes
corresponding to the highest and the second highest peaks for 3° UTRs, which
were located in the left-hand and right-hand sides in the top part of the human
DegeTetra-SOM (Fig. V1.4B), respectively, were investigated referring to
Ensembl (http://www.ensembl.org/). A major portion of the genes whose 3 UTR
was mapped in the left-side peak was found to be genes for nucleic-acid binding
proteins, and that of the genes whose 3’ UTR were mapped in the right-side peak
corresponded to genes for catalytic enzymes. It is also worthy of noting that
there were UTR zones closely associated with CDS zones and the UTRs in these
zones were found often to be sequences with antisense activity involved in
post-transcriptional regulation.

To construct the SOM with mouse and human genomic sequences (Figs. V1.3
and 4), almost all available sequences were used, and therefore, regions
poorly-characterized with molecular techniques other than sequencing were
included in the analysis. Because no information other than oligonucleotide
frequencies is required for the SOM formation, I propose that SOM is a novel in
silico method that is useful for prediction of functional sequences in the genome
regions with little characterization with experiments. Sequence localized in a
zone where sequences of known functional categories are clustered should have
sequence characteristics similar to those of the functional sequences, suggesting
that the sequences also have the respective function. Furthermore, a diagnostic
combination of oligonucleotide frequencies responsible for individual functions
should be clarified.
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A DegeTetra-SOM

B 5 UTR (M), 3 UTR CDS (M), Intron

Figure VI.3 SOMs with mouse genomic sequences. (A) Three-dimensional
presentation of the 1-kb DegeTetra-SOM for mouse sequences. The square
root of a number of sequences classified into each node is indicated by the
height of the vertical rod. (B) Mapping of sequences of 5* and 3’ UTRs,
CDSs, and introns on the 1-kb DegeTetra-SOMs. To avoid potential
artifacts caused by redundant sequences, I used mouse UTRs compiled in
UTRAdDb (http://bighost.area.ba.cnr.it/BIG/UTRHome/), which is a
specialized database of eukaryotic 5* and 3’ UTRs that has been cleaned of
redundant sequences. To get statistically meaningful results, sequences
shorter than 100 nucleotides were excluded from this analysis. Detailed
inspection of 3’ UTR data in UTRdb revealed that a small number of
sequences have poly-A tails of varying lengths while the sequences in
UTRAdDb should not contain poly-A tail sequences. Such sequences were
excluded from the analysis. Sizes of many exons and introns are far smaller
than 1 kb. The purpose of the present analysis is to clarify and compare
sequence characteristics of 5 and 3’ UTRs, CDSs, and introns. Taking this
into account, the contiguous exons, as well as of introns, in each gene were
concatenated and then segmented into 1-kb sequences; for the last segment
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less than 1 kb, the 1-kb sequence from the 3’ end is includes in the analysis
instead of the last segment less than 1 kb. Tetranucleotide frequency in
each sequence was calculated and followed by mapping to the node of the
1-kb DegeTetra-SOM with the shortest distance in the multidimensional
frequency space.
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A DegeTetra-SOM Window 1-kb

B 5" UTR (W), 3’ UTR (M), CDS (M), Intron ()

C 5 flanking region (H),3’ UTR (M) 5’ flanking region (H), 5’ UTR (H) 5’ flanking region (), CDS ()

Figure V1.4 SOMs with human genomic sequences. (A) Three-dimensional
presentation of the 1-kb DegeTetra-SOM for human sequences. The square root
of a number of sequences classified into each node is indicated by the height of
the bar. (B) Mapping of sequences of 5’ and 3° UTRs, CDSs, and introns on the
1-kb DegeTetra-SOMs. Four functional categories used as described as Fig. VI.3.
(C) Comparison of sequence location between two functional categories (5°
flanking region and 3’ UTR; 5’ flanking region and 5’ UTR; 5’ flanking region
and CDS; 5> UTR). Nodes that contain only the sequences of one category are
marked in the color representing the category.
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VI-3:  DISCUSSION

One important area of the applications of neural networks for nucleotide
sequence analysis is for gene identification. The gene identification with neural
networks is studied by two complementary approaches: gene search by content
and gene search by signal (Staden 1990; Fickett 1996). The searches by content
use various coding measures to determine the protein-coding potential. The
searches by signal methods identify signal sequences such as splice sites.
Various neural networks provide useful models in which sequence features for
both signals and content can be combined and weighted to improve accuracy
(Uberbacher et al. 1996; Snyder and Stormo 1995). Other applications of neural
networks are sequence classification and feature detection. The detection of
significant sequence features and understanding of biological rules governing
gene structure and regulation are important problems that can be addressed. In
this chapter, I showed that characteristic features in individual functional regions
such as 5’ and 3’ UTRs in mammalian genomes could be effectively extracted by
SOM. Either the 5° or 3’ UTR sequences were divided into multiple zones in
SOMs and there were nodes enriched with the 3’ UTR sequences of the genes
for a particular functional category of proteins. When information regarding
differential functions of UTRs has accumulated for many sequences, the present
method may be useful as an in silico method to predict the functions of
individual UTRs. Inclusion of my finding into the known gene identification tool
may improve the identification power and provide additional information
regarding sequence characteristics of UTRs, which are involved in the
post-transcriptional regulation.

VI-4: SUMMARY

In this chapter, I showed that SOM is an effective tool for comparing and
identifying sequence characteristics of differentiated functional regions in the
genome. I first constructed SOMs with oligonucleotide frequencies in mouse
full-length cDNA and found separation between protein-coding and non-coding
cDNAs. Next, I constructed SOMs with oligonucleotide frequencies in
sequences of four functional categories (5’ and 3’ UTRs, CDSs, and ncRNAs),
and found that these sequences tended to cluster according to the functional
categories. This showed that SOM detected distinct characteristics in these
functional sequences and that the separation between protein-coding and
non-coding cDNAs was not a simple reflection of characteristics of codon usage
pattern in CDSs. I then constructed SOMs with oligonucleotide frequencies in
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1-kb genomic sequences from mouse and human genomes followed by mapping
of sequences of 5°- and 3’-UTRs, CDSs, and introns on the SOMs. Sequences of
these distinct categories tended to cluster according to the functional categories,
confirming that SOM detected sequence characteristics in the distinct functional
regions in the genome. Therefore, a combination of diagnostic oligonucleotides
responsible for individual functions should be clarified.
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Chapter VII: Future Prospect: Application of SOM to Protein
Sequence Analyses

VII-1: Prediction of protein function

Of importance in genome analysis is prediction of the function of proteins
that are identified through genome sequencing but lack significant
sequence homology with function-known proteins, which are left as
function-unknown proteins. For example, in metagenome analyses
(Chapter IV) of environmental microorganisms, prediction of the functions
of novel proteins is essential for identifying industrially useful genes. A
uniquely important problem for protein sequence analysis 1s prediction of
conformations, which are directly related with functions. Approximately 10
years ago, clustering of proteins according to tertiary structure families was
studied with both unsupervised Kohonen’s self'-organizing classifiers
(Ferran et al. 1994) and supervised BP classifiers (Wu et al. 1995). Ferran
et al. (1994) analyzed dipeptide frequencies in proteins with the
conventional SOM and reported that clustering by tertiary structure and
function is possible. However, this methodology was seldom applied to
prediction of protein functions because the studies were performed prior to
large-scale genome sequencing and, therefore, there were not many
proteins with unknown functions. Furthermore, the computation times were
long and biologists were not familiar with neural networks.

I have attempted to develop a system to cluster proteins by structure and
function on the basis of the modified SOM, focusing on di- and tripeptide
frequencies in protein sequences compiled in databases. SOM should
cluster proteins with similar oligopeptide distributions, permitting to
predict functions even of proteins that lack significant homology to
function-known proteins detectable with conventional sequence homology
searches. I analyzed the 400- and 8000-dimensional vectors representing
di- and tripeptide frequencies, respectively, in 50,000 protein sequences
from a wide rage of prokaryotes. I found that SOM clustering was
dependent not only on functions but also on species and that a major source
of species-dependent separation was related to the amino acid frequencies
that are characteristic of individual species (for example, between the
microbes in extreme environment etc.). As a preliminary task, [ have been
developing a method to eliminate the influence of species-specific amino
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acid frequencies. As an extension of the present study, I plan to establish
SOM as a method to characterize proteins whose functions are currently
unknown. With respect to the function-unknown proteins, I may make
predictions for their functions on the basis of the functions of known
proteins that are located similarly on SOMs. This technology may become
a useful bioinformatics strategy for predicting functions of proteins without
significant sequence homology to function-known proteins detectable with
conventional sequence homology searches.

Because the classification power of SOM is very high for a large amount of
complex data, this unsupervised algorithm can be established as the wide
applicable, fundamental bioinformatics for effectively extracting a wide
range of knowledge from a massive amount of genome and protein
sequences, importantly without prior knowledge of the sequences. SOM
will provide fundamental knowledge for understanding molecular
processes and mechanisms that have established sequence characteristics of
individual genomes during evolution.
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