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The problem of finding genes coding for a protein sequence presents different types of difficulties between
eukaryotes and prokaryotes. For prokaryotes, there are no introns and intergenic regions are small, but genes
may often overlap each other and the translation starts are difficult to predict correctly. In this lecture, all the
discussions on gene prediction are for eukaryotes.

Gene/Transcribed region � A eukaryotic gene is defined as being composed of a transcribed region and of
regions that cis-regulate the gene expression. The currently existing gene prediction software look only
for the transcribed regions of genes, which is then called ”the genes”.

Exon � A coding area in a gene. Some exons may be non-coding.

Intron � A non-coding area in a gene. Introns are removed during the splicing machanism that leads to the
mature mRNA.

UTRs � Untranslated Terminal Regions. The non-coding transcribed regions, which are located upstream of
the translation initiation (5’-UTR) and downstream of the translation stop (3’-UTR).

Intergenic region � The region between two transcribed regions.

Promoter � A region sitting in the intergenic region, immediately upstream of the gene and not overlapping
with it.

Currently, two essencial types of information are used to predict genes in a genome sequence: content sensors
and signal sensors.

17.1 Content Sensors

Content sensors are measures that try to classify a DNA region into types, for example, coding regions versus
non-coding regions. They can be further classified as extrinsic content sensors and intrinsic content sensors.

Extrinsic content sensors Extrinsic content sensors are exploited from the training based on unbiased sets
of known coding regions. Sufficient similarities between a genomic sequence region and protein or DNA
sequences in a database are detected by using local alignment methods, such as Smith-Waterman algorithm,
FASTA and BLAST, to determine whether it is a transcribed and coding region.

Similarities with three types of sequences may provide information about exon/inton locations.

- Protein sequences. First and most widely used.
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- cDNA sequences.

- Genomic DNA. This is based on the assumption that coding sequences are more conserved than non-
coding ones.

Poor quality of databases and lack of guarantee to find a similar sequence weaken the extrinsic approaches.
Moreover, insufficient accuracy and missing small exons are also the problems of such approaches.

Intrinsic content sensors Intrinsic content sensors are used to discriminate coding from non-coding re-
gions in eukaryotes based on statistical differences between the sequence composition of these two types of
regions. Many measures of coding potential have been investigated. Some measures are widely used and
proven to be effective, for instance, the nucleotide composition (G/C rich and A/T rich), codon composition,
hexamer frequency, and base occurrence periodicity. Additionally, the measure of CpG islands, which are
regions that often occur in promotors where the frequency of the dinucleotide CG is not as low as it typically
is in the rest of the genome, is informative for gene detection. Combinations of several such measures can be
effective.

Markov models in intrinsic content sensoring Markov Models are widely used to find coding areas in
nucleotide sequences. Figure 17.1 shows nucleotide sequence

�
.

Figure 17.1: A nucleotide sequence

0th-order Markov model: The probability of appearance of a given base (A, T, G or C) at a given position ���
is independent of the any previous nucleotides, i.e.,

��� � ��� �
	����� � � 	��
1st-order Markov model: The probability of ��� is only dependent on the previous base, i.e.,

��� � ��� ��	������ � ��� � ����� 	��
kth-order Markov model: The probability of ��� is dependent on the previous k bases, i.e.,

��� � ��� ��	������ � ��� � ������� � ������� ����� � � ����� 	��

Complex three-periodic Markov models (Figure 17.2) have been introduced to characterize coding sequence
in most gene prediction programs, such as GeneMark and GeneScan. In these models, coding regions are
defined by three Markov models, one for each position inside a codon.

The 5th order Markov model is applied to exploiting hexamer composition. In this model, two probability
tables, one for coding regions and one for non-coding regions, are prepared in advance. Each table will be of
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Figure 17.2: Three-periodic Markov Model

size ��� . A window of 6-base width slides along a nucleotide sequence, so that the probability of observing the
sixth base given the 5 preceding bases is registered. By refering to the two probability tables, the likelihood
of this sequence being a coding region is estimated. This model is hard to detect donor and acceptor sites
when exons are too short.

Usually the larger the order of Markov model, the finer it can characterize the coding regions. However, it
requires a larger number of known coding sequences for reliable estimation.

17.2 Signal Sensors

Signals are specific functional sites which are inside or at the boundaries of the various genomic regions and
involved in the various levels of protein encoding gene expression. For example, transcription factor binding
sites, TATA boxes, donor sites, acceptor sites, branch points, poly-A site, initiation site (generally ATG with
exceptions), stop codons. Figure 17.3 shows the structure of a gene with some of the signals marked.

The existing approaches to finding a signal include multiple alignment-based consensus sequence matching
method, 0th-order Markov model-based positional weight matrix (PWM) method, and higher order Markov
model-based weight array model (WAM), etc.. Table 1 (Figure 17.4) lists currently available splice site
detection programs and the methods they used.

Here we describe GenScan model, which was developed by Burge and Karlin [Burge1997] using the signal
sensors. Figure 17.5 illustrates the GenScan Model of genome sequence structure. Each circle or diamond
represents a functional unit of a gene or genomic region. �����	��
 is a single-exon (intronless) gene (translation
start codon to stop codon). � ������ is the initial exon (translation start codon to donor site). � � ����������� 	

is
a phase k internal exon (acceptor site to donor site). � � ����������� 	

is a phase k intron, i.e., a intron starting
after the jth base of codon. Internal exons are similarly divided according to the phase of the previous intron,
which determines the codon position of the first base-pair of the exon, hence the reading frame. Donor and
acceptor sites, translation and termination signals are considered as part of the forward exon. This GenScan
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Figure 17.3: The Structure of a gene with some of the important signals shown [Krogh1998]

Figure 17.4: Table 1 [Mathe2002]
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model is generally formulated as an non-homogeneous Hidden Markov Model.

Figure 17.5: GenScan model

Non-homogeneous HMM First, since gene density and gene length are strongly related to CpG content of
a genomic sequence as shown in Table 2 (Figure 17.6), separate initial and transition probability distributions
are estimated for sequences in each categorie of the CpG content ( � ����� � ���������
	�� � �
	���������� �� ����� ).

Second, the states of the model correspond to sequence segments of highly variable length. Exon length is
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Figure 17.6: Table 2 [Burge1997]
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critical to splicing. Very small ( � � � bp) are skipped by the splicing matches, while very long (  � � � � bp)
exons could be not handled by the splicing machinery. With this consideration, seperate length distribution
functions are derived empirically for initial, internal, and terminal exons and for single-exon genes. Intron
and intergenic lengths are modeled as geonetric distributions with q estimated for each CpG group separately.
Figure 17.7 shows the length distributions for the exons and introns of the learning dataset.

Figure 17.7: Length distribution for (a) 1254 introns; (b) 238 initial exons; (c) 1151 internal exons; (d) 238
terminal exons from the 238 multi-exon genes of the leaning data set. [Burge1997]

Signal Models Many models of biological signal sequences such as splicing sites and transcriptional and
translational signals (poly-A, promoters, etc.) have been constructed. In GenScan model, one of the earliest
and most influenctial approaches, weight matrix method (WMM), is used. In this method, the frequency ��� ����
of each nucleotide � at each position 	 of a signal of length is derived from a collection of aligned signal
sequences (See Figure 17.8). Then the likelihood of generating a nucleotide sequence 
 ��� ��� �� � ��� � � � �
is
��� 
 	 ��� ���� � � ���� . WMM has been improved by taking account of the dependencies between adja-

cent/consecutive nucleotides. Such developed models are known as weight array model (WAM).

Recently Korf et al developed a new model for gene prediction called TWINSCAN [Korf2001], which is a
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Figure 17.8: Weight metrix method for signal modeling. (a) Multi-sequence alignment for a particular signal;
(b) Weight Matrix.

comparative genomic based gene-structure prediction system. It integrates cross-species similarity of high-
throughput genome sequences into extended GenScan probability model (GenScan++) to exploit the ho-
mology between two related genomes. In similarity searching procedure, the local alignments reported by
BLAST are used to construct a conservation sequence, which pairs one of the three cases, match, mismatch
and gap, with each nucleotide of the target sequence.
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17.3 Gene Expression Analysis

In any living cell, different subsets of its genes are expressed in different stages of certain biological processes.
The particular genes expressed at a given stage and their relative abundance are the characteristics of a cell
and crucial to its proper function. Measuring gene expression levels in different stages, different body tissues,
and different organisms, therefore, provides the information in understanding biological processes.

One of approaches to measuring gene expression profiles is cDNA and oligonucleotide microarray technol-
ogy, which makes it possible to view the expression of many thousands of genes simultaneously. There are
also some other mRNA level methods such as RT-PCR and SAGE generating gene expression data.

Here we will give introduction to some machine learning methods in the context of gene expression data
analysis.

Machine learning basically has two categories of methods:

- Supervised learning;

- Unsupervised learning.

Supervised learning solves the problem of classification. The definition of classes is pre-defined, and a
labelled example dataset is available for machine training, so that new data can be put into these classes
correctly. An example of such problems is determining tumor types (pre-defined) based on sample gene
expression patterns. Many algorithms have been developed for supervised learning, such as neural networks,
support vector machines and decision trees.

Unsupervised learning is addressed to the problem of discovering classes from unlabelled data or aggregating
data into some clusters according to certain patterns discovered from this dataset itself. This type of problem
is called clustering. Clustering techniques are applied to gene expression data for identifying subsets of
genes that behave similarly under the set of tested conditions (gene clustering) or for identifying subsets of
samples that can be characterized by different gene expression patterns (sample clustering). Its the first step
in extracting information from mass of gene expression data set, which is crucial for solving the problems
such as gene function exploration and gene regulations.

Clustering

� ����� � � �  � � ��� � ����� – a set of objects;	 �
� � � � � 	 � 	 � 	 � � ��� – distance between
� � and

� � ; ����� � � �  � ��� � � ����� – a set of clusters;
� ��� � � 	 � 	 ��� , and �

�
� � � � � � � . There is no consensus of

definition of the cluster-set.
The goal of clustering is to partition

�
into a set of clusters, which satisfy the rule that

	 �
� � � �� � � � � �� 	 �	 �
� � � �� � � � 
 �� 	 , where
� ��� �� is arbitary object in cluster � .

If we represented the objects and distances by a graphic model � � ��� � � 	 , where
� � �

,
and weights of edges ! � � 	"�#� 	 �
� � � � � 	 � � � � � �%$ � � (No edge corresponds to that

	
is & ). Then the

clustering problem turns out to be a max cut problem, i.e. finding the cut of maximum weight (Figure 17.9).

In the next class, we will focus on some important clustering algorithms.
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Figure 17.9: A graphic model of clustering
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