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Abstract

New sequencing techniques have increased enormously the speed that new genomic

sequences are produced. As manual inspection is impossible for this amount of

data, there is an ongoing need for computational tools that can annotate this data

efficiently and accurately. Essential parts of the annotation process of genomes are

the prediction of protein-coding genes, and the classification of the obtained protein

sequences according to their function. Currently, computational predictions are

not accurate enough to be considered overall reliable.

At the same time that new data is produced that needs to be analysed, the

amount of available data that can be used to guide the prediction is growing as well.

In particular, databases containing annotated proteins and functional descriptions

of protein families, are widespread and easily accessible, and can provide additional

input to gene prediction programs.

In the focus of this thesis is the introduction of a new method that uses protein

profiles that can be generated from a set of related proteins to improve the accuracy

of present gene prediction methods. It was implemented as an extension to the gene

prediction program AUGUSTUS, called the “Protein Profile Extension” (PPX).

Since a correct classification of protein sequences relies on accurate gene pre-

dictions especially of regions typical for a class or family, this method can be

viewed a combination of gene prediction and protein classification that is designed

to improve classification rates.

Both gene prediction and protein classification commonly evaluate sequences

based on probabilistic models, identifying sequences that have a high probability

under the model. All these models have in common the Markov property, stating
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that the direct neighbourhood determines the sequence composition at specific

location, without long-distance dependencies. The thesis describes the specific

models used in the presented methods.

In the context of this work, other problems arose involving probabilistic mod-

elling and protein-based gene prediction, that became projects on their own. In

this these, two of these are presented: SIGI-HMM, a method for classifying mi-

crobial genes examining the phenomenon of horizontally gene transfer, and Scipio,

a tool for reproducing exact gene structures from given protein sequences. The

main publications about the project are attached in an appendix to the thesis.
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Chapter 1

Introduction

In every cell of a living organism, its main design information is stored digitally in

the form of Deoxyribonucleic acid (DNA). The data structure described by a DNA

molecule is a string, a sequence over the four-letter alphabet N = {A, C, G, T },

each letter denoting a single unit called nucleotide or basepair referring to their

biochemical meaning.

The full set of DNA sequences present in an organism is called its genome.

In the human genome, 24 sequences1 can be distinguished that have an average

length of approximately 140 Mbps (million base pairs).

The discovery of the sequential structure of the DNA in the 1950’s has had a

revolutionary impact on genetical research, and efforts were started to read the

genomic sequences (DNA sequencing), making them available in databases. In

2001, the Human Genome Project released the first draft of the human genome

[Con01]. Since then, the genomes of hundreds, soon thousands, of species have

been sequenced, as new sequencing techniques have led to an exponential growth

of the available amount of genomic data [LCM+10].

The DNA sequence provides a blueprint for the actual building blocks of the

organism, the proteins. Proteins are vital for virtually every process in a cell, and

1The human genome consists of 23 pairs of chromosomes (numbered 1 to 22, and X) each

contributing two almost identical copies of a sequence; in the male genome, one single chromosome

(Y) is present replacing one of the two copies of the X-chromosome. Not counted here is the

very short (16 Kbps) DNA sequence present in the mitochondrion of the cell.
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also constitute their structure. From a data-processing point of view, proteins are

the same sequential objects as DNA, with the nucleotide alphabet replaced by the

amino acid alphabet A, consisting of 20 letters. In general, the physical structure

of a protein, and hence its function, is determined by the amino acid composition

of the sequence.

The biological process of protein synthesis is represented by translating a nu-

cleotide sequence into a protein sequence. The mapping used for translation is

clearly defined, and is the same for all organisms, with very few exceptions. This

quasi-universal genetic code assigns to a nucleotide triplet (also called codon)

c ∈ N 3 one letter a = tr(c) ∈ A from the amino acid alphabet. From the 64

possible codons, 61 are translated into amino acids, while the three stop codons

(TAG, TGA and TAA) are not translated, causing the protein production process to

terminate. As there are only 21 possible values, the mapping tr cannot be an

injective function: the code is degenerate, with up to six different codons mapped

to the same amino acid. These synonymous codons mostly differ from each other

only on the third nucleotide, making the protein synthesis more robust to single

mutations.

The full process of automated genome annotation is as follows. The DNA is

read in short fragments that are assembled in several steps to longer sequences,

and ultimately to full-length chromosomes. The second step, the gene prediction,

is the determination of the coding segments of the genomic sequences, and their

translation to protein sequences. Finally, the outcoming proteins are classified into

groups according to their biological function. The methods presented in this thesis

focus on the two latter tasks: gene prediction and protein classification.

While the translation of a coding nucleotide sequence to a protein sequence

is computationally trivial, the determination of the coding parts of a given DNA

sequence is a complex task. Here, a region containing the segments coding for one

protein is called a gene.

Nucleotide sequences are found in living cells in two forms: DNA and RNA.

A DNA molecule consists of two strands where each nucleotide in one strand is

complemented by its counterpart in the other strand, with {A, T} and {G, C} form-
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CHAPTER 1. INTRODUCTION

ing pairs of mutually complementary bases. Both strands are sequential objects

containing the same information, with a defined order that is reversed in opposite

strands. As a result, a DNA sequence cannot be distinguished from its reverse

complement. RNA sequences are single-stranded nucleotide sequences.2

The protein biosynthesis is made complex by two processes that precede the

translation. First, a region from one of the DNA strands is transcribed, i.e. copied

into single-stranded RNA. Second, in a process called splicing, large segments

called introns are cut out from the RNA, and the remaining ones, called exons,

are concatenated. The actual coding sequence is now a contiguous subsequence of

the RNA, a series of codons that will be translated, followed by a stop codon. A

nucleotide triplet is considered a codon only if it is in-frame, i.e. its distance from

the translation start is a multiple of three. Introns may also occur inside a codon.

The reading frame of an intron is the position (0, 1, or 2) relative to the codon

start that the intron is inserted.

The procedure varies between the two domains of living organisms, prokaryotes

(single-cell organisms without cell membranes such as bacteria) and eukaryotes (or-

ganisms with more complex cell structures, including all multicellular organisms):

in prokaryotes, splicing does not occur at all (with very few exceptions), but one

RNA can contain several genes (coding for multiple proteins, often with related

function).

A gene structure is a labelling of DNA segments according to their destination

in the protein coding process. More labels can be defined, for example for exons

and exon parts that are transcribed to RNA but not coding for proteins, or for

other functional elements contained in DNA sequences. However, this thesis deals

with the problem of finding location of the coding exons; the segments forming the

untranslated regions (UTRs) are identified with intergenic regions.

Because of the huge amount of raw sequence data, computational methods have

to be designed that find the gene structure of a genomic sequence automatically.

2In RNA sequences, the letter T is sometimes replaced by U to reflect a different chemical

consistence but it would be misleading from the data processing point of view to distinguish

them.
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The task of predicting the genes remains a challenge, as exact gene structures

can in the fewest cases be determined with certainty. The accuracy of prediction

programs varies according to the amount and type of data available as input. If

the target DNA sequence is the only input (ab-initio gene prediction), the problem

is especially difficult, since the prediction relies merely on a probabilistic model.

Such an approach exploits different nucleotide composition in coding and non-

coding sequences, and the presence of signals that precede the start of a gene, or

are located at exon-intron boundaries.

If other sequences are compared to the target sequence, they can provide addi-

tional information about the gene structure. For example, in cases that the protein

sequence of the same or very closely related gene is known, the gene structure may

in fact be reconstructed almost with certainty, by determining DNA segments

that match the query protein. The program Scipio that will be described here

was designed for this task. Methods that incorporate different kinds of extrinsic

information become increasingly important as the amount of available information

grows.

Finding the coordinates of protein-coding exons is often necessary to determine

the protein sequence that can be used in further analysis of the gene function. This

is achieved by comparing the protein sequence to repositories of related sequences

with known function, following the assumption that sequence similarity implies

similar function. An accurate gene prediction, especially for the regions conserved

among members of the same protein family, is crucial for the classification.

This issue is addressed by a new method that will be introduced as a major

part of this thesis. This method combines ab-initio prediction with the mapping

of protein family profiles to the target sequence that are given as additional input

to the program. This mapping was implemented as an integral part of the exist-

ing gene prediction program AUGUSTUS, by extending the internal probabilistic

models.

The thesis is organized in three parts: First, the probabilistic models are in-

troduced that form the basis of the prediction methods used. Second, the general

methods are described that are used in gene prediction and protein classification.
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CHAPTER 1. INTRODUCTION

Finally, the Protein Profile Extension is presented and described in detail. Each of

the chapters is accompanied by a published work that is attached in the appendix

to the thesis.
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Chapter 2

Local probabilistic models used in

genome analysis

If no sufficient extrinsic information is available by mapping of other sequences, a

sequence has to be evaluated by intrinsic methods: applying models for nucleotide

or amino acid composition. In a probabilistic approach, the target sequence itself

is considered the result of a random process, and the prediction is a decision made

by a statistical test, and experimentally confirmed training data sets are used to

estimate parameters for the model.

In this chapter, I will introduce local probabilistic models that are widely used

in biological sequence analysis, and then describe a specific model that I developped

for the software COLOMBO classifying prokaryotic genes.

The models presented here are local in the sense that distributions have no

dependencies over long distances; this is expressed by the Markov property for

sequential data: given that values on neighbouring locations are known, the nu-

cleotide distribution of a specific location is independent from the rest.

2.1 Markov Chains

Definition: A Markov chain (of order 1) is given by the following data:

• a finite state set Q
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CHAPTER 2. LOCAL PROBABILISTIC MODELS

• a set of transition functions (i ∈ N)

Tri : Q×Q→ [0, 1]

(q′, q) 7→ Tr(q | q′)

such that
∑

q∈Q

Tri(q | q
′) = 1 for all q′ ∈ Q and i ≥ 1

• an initial transition Trinit : Q→ [0, 1], with
∑

q∈Q

Trinit(q) = 1.

If transition functions are specified only for i = 1, . . . , n − 1 together with the

initial transitions, they constitute a finite Markov chain of length n. For each

n ∈ N, a Markov chain of length n (or more) defines a probability distribution on

state sequences η = (q1, . . . , qn) ∈ Q
n by

P (η) = Trinit(q1) · Tr1(q2 | q1) · . . . · Trn−1(qn | qn−1)

More generally, if Tri : Q
k × Q → R is a function of k + 1 variables for each

i ≥ k, and Trinit depends on k variables, they define a k-th order Markov chain

with the probability distribution

P (η) =Trinit(q1, . . . , qk) · Tr1(qk+1 | q1, . . . , qk) · . . .

. . . · Trn−k(qn | qn−k, . . . , qn−1)

In a Markov chain, the frequency that state q appears at position i, given

the value at the preceding position (or the k preceding positions), is independent

from the values at any other position. A Markov chain is called homogenous, if

the transition functions Tri are the same for every position i, and m-periodical if

Tri = Trj for i ≡ j (mod m).

Let Q∗ =
⋃

n∈NQ
n denote the set of state sequences of arbitrary length. If a

Markov chain is given with state space Q ∪ {qterm} such that qterm is a terminal

state (which once entered cannot be left):

Tri(qterm | qterm) = 1
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2.1. MARKOV CHAINS

then a probability distribution summing to 1 over all η ∈ Q∗, is defined by1

P (η) = Trinit(q1) · Tr1(q2|q1) · . . . · Trn−1(qn|qn−1) Trn(qterm|qn). (2.1)

Markov chains can be used directly to model nucleotide sequences of a fixed

type, by using the nucleotide alphabet as the state set: Q = N ; or to model

the succession of sequence types, by using the states for labelling, e.g. Q =

{exon, intron, intergenic}.

Feature Representation of Markov chains

A Markov chain is characterized by the fact that the frequency that a random

value is observed at some position in a sequence depends only on the values at

neighbouring positions. More generally, any undirected graph G with n nodes can

be used to describe dependencies: each node is assigned a random value from a

state set Q, such that the values on any node v depend only on the values at

nodes adjacent to v. Such a distribution on Qn is called a Markov random field.

A Markov field over a linear graph (with nodes 1, . . . , n and edges {i, i+1}) is the

same as a (finite) Markov chain.

Instead of transition probabilites, the distribution function of a random field

in expressed as a product of feature functions, where each feature takes a non-

negative value that depends only on the values on one clique (complete subgraph)

of G. Any such set of feature functions defines (after normalizing by a constant) a

probability distribution on Qn that turns it into a random field based on G. In the

case of a finite Markov chain, where cliques correspond to pairs of neighbouring

positions, this can be seen as follows.

Consider f : Qn → R≥0 of the form

f(q1, . . . , qn) =
n−1
∏

i=1

fi(qi, qi+1) (2.2)

1Provided that infinite sequences have zero probability; this can be ensured by the additional

condition that all terminal transition probabilities have a lower bound ε > 0: Tri(qterm|q) > ε.
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CHAPTER 2. LOCAL PROBABILISTIC MODELS

choosing the normalization factor c =
∑

Qn f(q1, . . . , qn) makes P = f/c a proba-

bility distribution. Using the abbreviated notation

f[j..k](qj, . . . , qk) := fj(qj, qj+1) · . . . · fk−1(qk−1, qk)

and

f(. . . , ∗, . . . ) :=
∑

q∈Q

f(. . . , q, . . . ),

we set

Trinit(q) =
1

c
f(q, ∗, . . . , ∗)

Tri(q | q
′) =

f[i..n](q
′, q, ∗, . . . , ∗)

f[i..n](q′, ∗, . . . , ∗)
.

(2.3)

Then
∑

q∈Q

Tri(q | q
′) = 1, and for all (q1, . . . , qi+1) ∈ Q

i+1:

Tri(qi+1 | qi) =
f(q1, . . . , qi, qi+1, ∗, . . . , ∗)

f(q1, . . . , qi, ∗, ∗, . . . , ∗)
,

hence

P (q1, . . . , qn) = Trinit(q1) ·
n−1
∏

i=1

Tri(qi+1 | qi) (2.4)

The expression (2.3) is not defined if fi(q
′, ∗) = 0; in this case, Tri(·|q

′) can be

defined safely by 1/|Q| (or any arbitrary function summing to 1) without violating

(2.4).

The following lemma states which sets of feature functions are equivalent, and

gives a characterization of the partial product f[1..i](q1, . . . , qi). q ∈ Q is called

observable at position i if there are q1, . . . , qi−1, qi+1, . . . , qn such that P (q1, . . . , qi−1,

q, qi+1, . . . , qn) > 0.

Lemma: Two sets of feature functions (f1, . . . , fn−1) and

(f̃1, . . . , f̃n−1) describe the same distribution if and only if there are positive func-

tions

r2, . . . , rn : Q→ R>0

with rn constant, such that

f̃[1..i](q1, . . . , qi) = f[1..i](q1, . . . , qi) · ri(qi), (2.5)
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2.1. MARKOV CHAINS

if qi is observable at i. Moreover, if q′ and q ∈ Q are observable at positions i and

i+ 1:2

f̃1(q
′, q) = r2(q) · f1(q

′, q)

f̃i(q
′, q) =

ri+1(q)

ri(q′)
· fi(q

′, q)
(2.6)

Proof: Clearly, if f̃ is given by equation (2.6), then (2.5) is true also; if one of

q1,. . . , qi−1 is not observable then both sides equal 0.

Conversely, let f and f̃ be equivalent feature sets such that

f̃(q1, . . . , qn) =
c̃

c
f(q1, . . . , qn)

for all (q1, . . . , qn) ∈ Q
n. For any fixed q∗i observable at i,

f̃[1..i](q1, . . . , qi−1, q
∗
i )

f[1..i](q1, . . . , qi−1, q∗i )
=

c̃

c
·
f[i..n](q

∗
i , qi+1 . . . , qn)

f̃[i..n](q∗i , qi+1 . . . , qn)

is defined for suitable q1, . . . , qn, and independent of the choice of the qj (since the

left side depends on q1, . . . , qi−1 only, and the right side on qi+1, . . . , qn). Hence

ri(q) :=
f̃[1..i](q1, . . . , qi−1, q)

f[1..i](q1, . . . , qi−1, q)

is well-defined, so (2.5) is established, and the first line of (2.6) as a special case.

Now let q′ be observable at i−1, so that (q1, . . . , qi−2) exist with f̃[1..i−1](q1, . . . , qi−2, q
′) >

0. Then for i > 1

f̃i−1(q
′, q) =

f̃[1..i](q0, . . . , qi−2, q
′, q)

f̃[1..i−1](q0, . . . , qi−2, q′)
=

ri(q) · f[1..i](q1, . . . , qi−2, q
′, q)

ri−1(q′) · f[1..i−1](q1, . . . , qi−2, q′)

=
ri(q)

ri−1(q′)
· fi−1(q

′, q)

Semi-Markov Chains

In gene prediction, the task is to find a segmentation of the sequence, together with

a labelling of the segments, depending on the state. The labels correspond to the

2If q′ or q has zero probability to occur at all, then fi(q
′, q) > 0 could be replaced by any

function.
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CHAPTER 2. LOCAL PROBABILISTIC MODELS

sequence type. A sequence of states, equipped with coordinates 0 = t0 < . . . < tn

is called a parse:

φ = (z1, . . . , zn); zi = (qi, ti) ∈ Q× N

Semi-Markov chains define probability distributions on parses, as follows:

Definition: Let n ∈ N, and N = {1, . . . , n}. A finite semi-Markov chain is

a homogeneous Markov chain with state set (Q × N) ∪ {qterm}, and probability

distribution as in equation (2.1) such that

Tr
(

(q, t) | (q′, t′)
)

= 0 (t ≤ t′)

Tr
(

qterm | (q
′, t′)

)

=







0 (t′ < n)

1 (t′ = n)

Tr(qterm | qterm) = 1

The second equation ensures that only complete parses (reaching the end of the

interval N) will get a positive probability. In an infinite semi-Markov chain, N is

given by N, and the terminal state is dropped.3

In many applications of semi-Markov chains the ti represent points in time, to

model the duration of a transition or a phase; however, in this thesis they refer to

sequence coordinates.

Although themselves defined as Markov chains, semi-markov chains are usually

viewed as a generalization of (inhomogeneous) Markov chains, over the state set

Q: Let the maximal length of a state q be given by

lmax(q) = max{t− t′ | Tr(q, t | q′, t′) > 0}. (2.7)

Then a Markov chain of length n is the same as a semi-Markov chain where each

state q has maximal length lmax(q) = 1, by setting

TrMC
i (q | q′) = TrsMC

(

(q, i+ 1) | (q′, i)
)

3However, the distribution of infinite semi-Markov chains is on infinite parses, and the event

represented by a finite parse is the union of all infinite parses having it as a prefix. In particular,

events represented by parses of varying length are not necessarily disjoint and do not add up in

general.
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2.1. MARKOV CHAINS

The semi-Markov chain is said to be time-homogeneous if

Tr
(

(q, t+ l) | (q′, t′ + l)
)

= Tr
(

(q, t) | (q′, t′)
)

i.e. if the choice of the state and the length of a phase is independent of the current

point of time (or here, sequence coordinate). A Markov chain is homogeneous

exactly if it is time-homogeneous when viewed as a semi-Markov chain. A feature

representation for finite semi-Markov chains, analogously to (2.2), can be derived

as follows:

Lemma: Let N = {1, . . . , n} for some n ∈ N, and f : (Q × N) × (Q × N) → R

satisfy

f
(

(q′, t′), (q, t)
)

= 0 for all t ≤ t′

Let F be defined on parses φ = (z1, . . . , zm) ∈ (Q×N)∗ by

F (φ) = f0(z1)
m−1
∏

i=1

f(zi, zi+1) (2.8)

and let δ
(

(q, t)
)

= 0 for t < n and δ
(

(q, n)
)

= 1. Then there is a semi-Markov

chain with probability distribution proportional to F (φ) · δ(zm) (i.e., proportonal

to F for complete parses, and equal to 0 for incomplete parses).

Proof: Define

β(z) = δ(z) +
n

∑

m=1

∑

z1,...,zm
∈Q×N

f(z, z1) f(z1, z2) · . . . · f(zm−1, zm) δ(zm). (2.9)

Then, for z′ = (q′, t′) with t′ < n:

∑

z∈Q×N

f(z′, z)β(z)

=
∑

z∈Q×N

(

f(z′, z) δ(z) +
n

∑

m=1

∑

z1,...,zm

f(z′, z) f(z, z1) · . . . · f(zm−1, zm) δ(zm)
)

=
n+1
∑

m=1

∑

z1,...,zm

f(z′, z1) · . . . · f(zm−1, zm) δ(zm) = β(z′)
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CHAPTER 2. LOCAL PROBABILISTIC MODELS

since the case m > n contributes 0 (the length of a parse cannot exceed n), and

δ(z′) = 0. By setting c =
∑

z∈Q×N

f0(z) β(z) and

Trinit(z) =
1

c
f0(z) β(z), Tr(z | z′) :=











f(z′, z) β(z)

β(z′)
, (β(z′) > 0)

1/|Q|, (β(z′) = 0)

Trinit and Tr(· | z′) are well-defined and sum to 1, except in the case z′ = (q′, n)

where Tr(· | z′) ≡ 0. (In case β(z′) = 0, Tr(· | z′) may be defined in an arbitrary

way). Together:

Trinit(z1) · Tr(z2 | z1) · . . . · Tr(zm | zm−1) =
1

c
F (z1, . . . , zm) β(zm) (2.10)

The proof is completed by setting

Tr(qterm | (q, n)) = Tr(qterm | qterm) = 1

since β(zm) = 1 = δ(zm) if zm = n, and Tr(qterm | zm) = 0 = δ(zm) if zm < n.

2.2 Hidden Markov Models

Hidden Markov Models are among the most widely used probabilistic models for

the local analysis of sequential data, including but not restricted to biological data

[DEKM99].

Definition: A Hidden Markov Model (HMM) consists of:

• a Markov chain M = (Q, (Tri)i∈N, Trinit)

• an alphabet E , the emission alphabet

• emission functions

Emi : Q× E → R (i ≥ 0),

(q, c) 7→ Emi(c | q)

satisfying
∑

c∈E

Emi(c | q) = 1 for all q ∈ Q
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An HMM defines a distribution on En dependent on a given state sequence η =

(q0, . . . , qn−1) by

P (σ | η) = Em(σ0 | q0) · . . . · Em(σn−1 | qn−1). (2.11)

σ is called the emission. In a typical application, the emitted sequence is known

but the underlying state sequence is not (“hidden”). The task is usually to de-

termine state sequences with a high conditional probability P (η | σ), given the

observed sequence (a-posteriori probability); this reversion of dependencies makes

it a Bayesian approach (cf. Bayes’ formula P (A | B) = P (A)
P (B)

P (B | A)). In general,

a Bayesian test uses a pre-defined a-priori distribution on hypotheses (here: the

Markov chain on state sequences) to choose the most likely ones given the obser-

vation. As the observation is constant, this is equivalent to maximizing the joint

probability

P (σ, η) = PM(η) · P (σ | η) (2.12)

Unless otherwise specified, Hidden Markov Models are state-homogenous, i.e.

the underlying Markov chain is homogenous; if Emi is the same function for all i,

the HMM is said to have homogenous emissions.

Hidden Markov Models can be generalized in several ways. For the purposes

of gene prediction it is convenient to allow the following:

• each state can emit a full sequence segment ω ∈ E∗, rather than a single

character

• the emission probability Em may depend on the state preceding the last state

• Em may depend on the previously emitted sequence4

Definition: A Generalized Hidden Markov Model (GHMM) is given by the same

data as an HMM, with an emission function generalized to the form

Em: (Q ∪ {qinit})×Q× E
∗ × E∗ → [0, 1]

( q′, q, ω′, ω ) 7→ Em(ω | q′, q, ω′)

4Although the GHMMs presented here do have homogenous emission probabilities, they are

a true generalization of ordinary HMMs with inhomogenous emissions since in those, i is the

length of the previously emitted sequence.
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The additional state qinit is a dummy state to be able to model the first emission

probability where there is no predecessor; in this case, the previously emitted

sequence is the empty string ǫ.

Joint probabilities in a GHMM refer to a segmented sequence. Let ℓ = |σ| be

the length of σ, and σ[t..u) denote the substring σt · · · σu−1. Let J be a sequence of

indices

J = (t0, . . . , tn), 0 = t0 < t1, < . . . < tn = ℓ

segmenting σ into substrings:

σ = ω1 · · ·ωn, ωi = σ[ti−1..ti),

such that (σ, J) can be identified with (ω0, . . . , ωn−1). The GHMM defines a dis-

tribution on segmented sequences, subject to the state sequence η:

P (σ, J | η) =Em(ω1 | qinit, q1, ǫ ) · Em(ω2 | q1, q2, ω1 ) · . . .

. . . · Em(ωn | qn−1, qn, ω1 · · ·ωn−1 ),
(2.13)

and a joint probability for a parse φ = (J, η) and a sequence, by

P (σ, φ) = P (σ, J, η) = PM(η) P (σ, J | η) (2.14)

If the lengths of emission probabilities are independent of previous emissions ω′,

of the form

L(l | q′, q) =
∑

ω∈El

Em(ω | q′, q, ω′)

then the global distribution of parses produced by a GHMM is distributed accord-

ing to an infinite time-homogeneous semi-Markov chain, with transition probabil-

ities:

Tr
(

(q, t) | (q′, t′)
)

= Tr(GHMM)(q | q′) L(t− t′ | q′, q)

PM(η) can be a distribution on variable length sequences, as in (2.1), or add up

to 1 for each n. In the latter case, the joint probability (2.14) can be interpreted

as the probability to observe σ as the emission of a partial parse.
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2.3 Conditional semi-Markov chains

A generative model like a Hidden Markov Model implicitly defines a distribution

on the set of sequences, by summing equation (2.12) over all state sequences, or

equation (2.14) over all parses:

P (σ) =
∑

η∈Qn

P (σ, η)

P (σ) =
∑

φ=(J,η)
J=(0=t0,...,tn=|σ|)

η∈Qn

P (σ, φ)

However, having a distribution on the set of sequences is not necessary when we

are just looking for a labelled segmentation of a fixed sequence. With dependen-

cies reversed, the state sequence is modelled subject to the observed sequence.

This approach is pursued by conditional Markov chains and their generalizations,

conditional semi-Markov chains (and conditional random fields).

Definition: A conditional (semi-)Markov chain consists of

• a set H of observations

• a state set Q

• for each h ∈ H, a (semi-)Markov chain Mh on Q

q 7→ Trinit(z | h) (h ∈ H)

(q′, q) 7→ Tri(z | z
′, h) (i ≥ 1, h ∈ H)

where z = (q, t) ∈ Q×Nh in the semi-Markov case, or z ∈ Q otherwise.

The conditional Markov chain defines, for each observation h, a distribution

on Qn (or (Q×Nh)
∗), by

P (φ | h) = Trinit(z1 | h) · Tr1(z2 | z1, h) · . . . · Trn−1(zn | zn−1, h)

The following lemma shows that GHMMs can be considered a special case of

conditional semi-Markov chains.
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Lemma: With a fixed observation sequence σ, the a-posteriori distribution on

parses defined by a GHMM is a semi-Markov chain over the extended state set

Q × N , where N = {1, . . . , ℓ} is the set of positions of σ. Hence, the set of a-

posteriori distributions is a conditional semi-Markov chain with observation set

H = E∗, and Nσ = {1, . . . , |σ|}.

Proof: In order to see that the a-posteriori distribution can be represented by a

semi-Markov chain, it is enough to show that it has a feature representation, as

explained in the end of section 2.1. Set c = P (GHMM)(σ), and define

f0
(

(q, t)
)

=
1

c
Tr

(GHMM)
init (q) · Em(σ[0..t) | ǫ, qinit, q)

f
(

(q′, t′), (q, t)
)

= Tr(GHMM)(q′, q) · Em(σ[t′..t) | σ[0..t′), q
′, q)

f
(

(q′, t′), (q, t)
)

= 0 (t ≤ t)

Then, the a-posteriori distribution can be written as

P (GHMM)(φ | σ) =
1

c
P (GHMM)(σ, φ)

= f0(z1) · f(z1, z2) · . . . · (zm−1, zm)

where zi = (qi, ti) and φ = (z1, . . . , zm), if the parse ends with tm = n, and 0

otherwise.

2.4 Algorithms for semi-Markov Chains

Viterbi Algorithm

The Viterbi algorithm maximizes the probability of parses in a semi-Markov chain.

Given a feature representation

F (φ) = f0(z1) ·
m−1
∏

i=1

f(zi, zi+1),

the Viterbi variables are defined for z = (q, i) ∈ Q×N as

γ(z) = max
{

F (z1, . . . , zm−1, z) | m ≥ 1; z1, . . . , zm−1 ∈ Q×N
}
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and can be calculated iteratively by

γ(z) = max {γ(z′) · f(z′, z) | z′ ≺ z} ∪ {f0(z)}

where (q′, i′) ≺ (q, i) is defined by i−l(q) ≤ i′ < i, and the state length l(q) is given

by equation(2.7); more restrictive definitions that are necessary for f(z′, z) > 0

may be used if they can be determined efficiently.

The parse with maximal probability can then be determined by backtracking :

Define iteratively z(k) = (q(k), i(k)), k ≤ 0, by

z(0) ∈ argmax
z ∈ Q×{n}

γ(z)

z(k−1) ∈ argmax
z′ ∈ Q×N

γ(z′) · f(z′, z(k))

and K = max
{

k ≤ 0 | γ(z(k−1)) · f(z(k−1), z(k)) ≤ f0(z
(k))

}

. Then

γ(z(k+1)) = γ(z(k)) · f(z(k), z(k+1))

and (z(K), . . . , z(0)) maximizes F , and hence, P .

Forward and Backward algorithms

The forward and backward algorithms work the same way as the Viterbi algorithm,

with maximum replaced by sums. The forward variables are defined as

α(z) =
n−1
∑

m=0

∑

z1,...,zm
∈Q×N

F (z1, . . . , zm, z) (2.15)

(with the case m = 0 contributing F (z) = f0(z)), while the backward variables

β(z) are defined as in equation (2.9).

An iterative formula for α(z) is given by

α(z) = f0(z) +
∑

z′≺z

α(z′) · f(z′, z)

Analogously, an iterative formula for β(z) is given by

β
(

(q, n)
)

= 1

β(z) =
∑

z′≻z

f(z, z′) · β(z), z = (q, i), i < n.
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Algorithm 1. Pseudocode of the Viterbi algorithm, for state set Q = {q1, . . . , qr}

get predecessor(i, j):

v∗ ← f0(qj, i), i∗ ← 0, j∗ ← −1

for i′ = max{i− l(q), 1}, . . . , i− 1 do

for j′ = 1, . . . , r do

v ← γ[i′, j′] · f(qj′ , i
′, qj, i)

if v∗ < v then

v∗ ← v, i∗ ← i′, j∗ ← j′

end if

end for

end for

return (v∗, i∗, j∗)

viterbi:

for i = 1, . . . , n do

for j = 1, . . . , r do

(v, i′, j′)← get predecessor(i, j)

γ[i, j]← v

end for

end for

s← γ[n, 1], j ← 1

for j′ = 2, . . . , r do

if s < γ[n, j′] then

s← γ[n, j′], j ← j′

end if

end for

i← n, φ← ()

repeat

z ← (qj, i)

push front(φ, z)

(v, i, j)← get predecessor(i, j)

until j = −1

return (φ, s)
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Forward and backward variables can be used to calculate probabilities from

features. The constant c of the feature function can be calculated as:

c =
∑

z ∈ Q×{n}

α(z) =
∑

z=(q,i)
1≤i≤l(q)

f0(z) β(z)

The probability to observe z1, . . . , zm as a subsequence of a parse is

1

c
α(z1) · f(zi, zi+1) · . . . · f(zm−1, zm) · β(zm);

to express in addition that the parse starts with z1, or ends with zm, α(z1) is

replaced in this equation with f0(z1), or β(zm) with δ(zm), respectively. Defining

reverse transition probabilities by

Trrevinit(z) =
1

c
α(z) δ(z), Trrev(z | z′) =

α(z) f(z, z′)

α(z′)
, Trrev(qterm | z) =

f0(z)

α(z)

the probability for a parse, in analogy to equation (2.10), can also be expressed by

Trrevinit(zm) · Tr
rev(zm−1 | zm) · . . . · Tr

rev(z1 | z2) · Tr
rev(qterm | z1). (2.16)

The backward variables can be used to rescale viterbi variables to probabilities:

equation (2.10) shows that multiplying the scoring function with β(z)/c yields

the probability for a partial parse ending in z. In particular, γ(z)β(z)/c is the

probability of the highest-scoring parse ending in z; even though scores (products

of features) are not given as probabilities, maximizing scores for a fixed last state

is the same as maximizing probabilities for partial scores.

In the case that features are given by transition probabilities, then c = 1; all

backward variables equal 1, while the forward variables α(z) refer to the probability

to observe a given state ending at a given position.

If features are given by the joint probability of a GHMM, then c is the proba-

bility of the observed sequence; the forward variables refer to the joint probability

that a parse ending with state q at position i emits σ[0..i), and the backward

variables refer to the conditional probability that σ[i..n) is emitted given that the

former is the case. In particular, β(z)/c is the ratio between joint probability and

a-posteriori probability of a partial parse ending at z.
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2.5 The Markov model SIGI-HMM

I conclude this chapter with presenting a Markov model for the classification of

genes in a prokaryotic genome that we implemented in the program SIGI-HMM ;

the detailed analysis of results is shown in the publication attached in appendix A.

In prokaryotes, horizontal gene transfer is a frequent phenomenon: in a single

event, genes from evolutionary distant sources are incorporated into the genome of

an organism. In contrast to vertical transfer where the genomic material is trans-

ferred from one generation to the next, only subject to minor changes caused by

mutations and recombination, the incorporation of alien genes results in a sudden

addition of new, and possibly very dissimilar sequence to the genome which fre-

quently changes the behaviour of the microbes. In particular, they can make them

pathogenic. The detection of horizontal gene transfer is therefore an important

task.

The transferred sequences can contain several genes. A set of consecutive

genes that is conspicuous compared to the overall nucleotide composition of the

genome is called a genomic island ; when it is characteristic for a pathogen, also a

pathogenicity island.

In SIGI-HMM, an algorithm based on a Markov model was implemented that

performed the task of recognising genomic islands, given the set of genes of a

prokaryotic genome; and labelling each gene according to its predicted source (the

class of the donor species).

In prokaryotes, genes are contiguous coding subsequences of the genome, with-

out introns in them, but seperated by intergenic regions. The genes are assumed

to be located prior to running the algorithm, with the set of genes given in the

order as they appear on the genome.

Alien genes are identified by a codon usage deviating from the genome under

consideration, an approach previously suggested and tested successfully [Kar01].

For each of the 64 codons, the codon usage CU(ρ) specifies the percentage of times

this codon c was used to code for its amino acid: CU(ρ)(c) = #c

#a(c)
, where a(c) de-

notes the amino acid assigned to c by the genetic code, and # refers to the number

of occurences of codon/amino acid in the genome(s) indexed by ρ. Thus defined,
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codon usage is referred to more precisely as synonymous codon usage (frequency

of codons coding for the same amino acid). Codon usage for candidate species

was taken from the Codon Usage Database (http://www.kazusa.or.jp/codon/,

[NGI00]).

However, specific genes native to the host genome are highly expressed, often

coding for ribosomal proteins, can have a deviating codon usage [Kar01]. Hence,

highly expressed genes need to be excluded explicitly from being labelled as alien.

To this end, genes are marked as highly expressed if their codon usage resembles

that of ribosomal genes.

In order to combine scoring according to codon usage with local dependencies

(assuming that consecutive genes are transferred together in islands), the observed

set of genes was modelled according to an HMM conditional on the observed

amino acid sequences which is fixed by the model. The HMM is generalised in

that emission probabilities refer to the full gene rather than single nucleotides, but

since emission lengths are given and fixed, it can be also considered non-generalised

if the set of hypothetical coding sequences is viewed as alphabet. Its architecture

is as follows:

• the state set Q = {nat, pA1, . . . , pAr} containing the candidate sources for

putative alien genes, and one state labelling native genes

• inhomogeneous transition probabilities Tri(q | q
′), for q, q′ = nat, pAρ. These

reflect expected length of the islands compared to native stretches, with a

bonus τρ,α depending on a user-specified sensitivity parameter α. They are

inhomogeneous since the bonus depends on the observed amino-acid compo-

sition of the following gene.

• inhomogeneous emission probabilites Emi(g | q), given by the probability

that the nucleotide sequence was used to encode the fixed amino acid se-

quence: Emi(c1 . . . cl | q) = CU(q)(c1) · . . . · CU
(q)(cl)

As shown before, a HMM described this way automatically defines a conditional

semi-Markov chain (here subject to the series of genes, i.e. coding nucleotide
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sequences), with feature function fi(q
′, q) = Tri(q | q

′) · Emi(gi | q), in this case of

a conditional inhomogeneous Markov chain. The Viterbi algorithm is now used to

determine the most likely labelling of genes (with a putative donor, or as native).

Genes that have been identified beforehand as highly expressed, carry a mark that

is interpreted as additional emission that is restricted to native states. This way,

they can be explicitly excluded from being predicted as alien.

Viewing the model as a conditional Markov chain defined by a scoring or feature

function is more adequat than the pure Bayesian approach where the Markov

chain underlying an HMM should reflect a-priori probabilities of the states. This

is frequently unnecessary, or even undesired (it can cause the Viterbi algorithm to

suffer from the Label Bias phenomenon; see also section 4.6)

Here, transition probabilities are modified by a sensitivity control, making this

in fact a mixture of a Bayesian test and a test with a bounded error of second type

(i.e., the failure to recognize an alien gene).

For example, if an isolated gene was to be tested for being alien in a binary

classification test, then using the condition

Em(g | q0)

Em(g | qρ)
< τρ,α

for the discrimination, would result in a guaranteed sensitivity. Replacing the

threshold τ by the ratio of a-priori probabilities would be the Bayesian equivalent

(and, in the case of the Markov chain, depend on the labels chosen for neighbouring

genes).

With a bonus of τ being multiplied to the transition probabilities, the two

approaches are sensibly combined but do not anymore reflect an a-priori distribu-

tion on states or labels; however, the advantage of the conditional Markov chain

perspective is that an a-priori distribution is not needed.

30



Chapter 3

Gene Prediction and Protein

Classification

In this chapter, I will discuss general methods that are part of the central steps of

the annotation pipeline: gene prediction and protein classification.

Gene prediction is the task of finding a gene structure: a labelled segmentation

σ = ω1 . . . ωn of a genomic input sequence σ ∈ N ∗, according to their meaning

for the protein coding process. Other functional sequence segments than protein

coding genes are integrated into DNA [Jon06], but they will not be dealt with

here.

Gene prediction methods can be distinguished according to the available input.

Ab-initio (or intrinsic) methods do not need any input but the target sequence

itself. Extrinsic methods use additional information gained from further sources.

This information is frequently called evidence indicating certainty or considerably

higher reliability of the prediction compared to intrinsic methods.

3.1 Ab-initio Gene Prediction

An ab-initio gene prediction can only be model-based, using probabilistic models

as those introduced in chapter 2. In the most widespread ab-initio gene predic-

tion programs (see [PP10] for an overview), the models are Generalized Hidden

Markov Models, or more recently, other kinds of Conditional semi-Markov chains

31



CHAPTER 3. GENE PREDICTION AND PROTEIN CLASSIFICATION

[BCHP07], with gene structures represented by parses, sometimes in a one-to-one

correspondence between states and labels. In these approaches, having defined a

model, finding the optimal gene structure amounts to finding the highest-scoring

parse, which is computed by the Viterbi algorithm.

Two components have to be distinguished in the description of a GHMM, the

architecture which is fixed throughout one approach, and the parameters that

have to be estimated. Commonly, transition probabilities, and the choice of state-

dependent emission models are specified in the architecture, while parameters of

emission models are trained.

Emission models generally fall into two categories:

• models for nucleotide composition differing in general between exons, introns

and inter-genic sequence, frequently given as position-unspecific k-th order

Markov chains on nucleotide level

• models for sequence motifs signalling a function, for example translation

start sites or splice sites (borders between exons and introns), often given as

explicit distributions at a defined distance from segment coordinates

In order to train the parameters, experimentally confirmed gene structures are

evaluated. In the classical approach, nucleotide composition and signal motifs

are estimated by counting occurences, compositional parameters averaged over all

segments of the same type, and signal motifs at well-defined locations.

Recently, a discriminative learning approach (online large-margin training,

[BCHP07]) has been proposed that optimizes all parameters simultaneously for

single training examples. This requires scoring functions to depend on parameters

linearly, which can be achieved by considering the logarithm of features. It also

requires giving up a GHMM interpretation of features in general.

The work presented in the next chapter of this thesis is an extension to the

ab-initio program AUGUSTUS that was introduced by Mario Stanke in 2003

[Sta03, SW03, SSMW06]. AUGUSTUS was initially based on a Generalized Hid-

den Markov Model (GHMM), but parameters have in some cases been retrained

with the online large-margin method.

32



3.1. AB-INITIO GENE PREDICTION

The architecture of AUGUSTUS’ GHMM is shown in [Sta03], Figure 3.1. Its

original state set consists of 47 states in total: 16 exon states, 30 intron states and

one intergenic state.

Four types of exon states, initial, internal, terminal and single, are distin-

guished, all with seperate states for the two reading directions (strands). Exon

states that can end inside a codon (initial and internal) are also distinguished by

reading frame, since it affects the nucleotide composition.

Two types of introns are distinguished: short introns with an explicit length

model, and long introns that have an implicit length model with geometrical dis-

tribution. In the latter case, an intron is represented in a parse by a fixed-length

prefix followed by a segmentation into single nucleotides each separately emitted

from the same state. In addition to these three states, two more intron states

model the splice sites (the intron regions adjoining the exons). Introns need to

be distinguished by reading frame in order to determine the reading frame for the

following exon. The intergenic state also emits single nucleotides and transitions

back to itself with probability close to 1.

AUGUSTUS executes the Viterbi algorithmus to determine the highest-scoring

parse. A parse is not completely identical with a gene structure since multiple

states can share the same label, consecutive occurences of the same state are

subsumed (in the single-nucleotide emission models), and model coordinates may

differ from biological coordinates. For example, the sequence region modelled by

the initial exon state starts before the biological exon, in order to contain signals

for the translation start located in the intergenic region.

AUGUSTUS can also execute a randomized sampling algorithm [SKG+06] to

procude a set of parses, each with probability proportional to their score. This

sampling algorithm first calculates the forward variables, and then iterative deter-

mines z(0), z(−1), . . . , proportional to the reverse transition probabilities given in

(2.16).

33



CHAPTER 3. GENE PREDICTION AND PROTEIN CLASSIFICATION

3.2 Scipio: Homology-based gene prediction

While an ab-initio approach is based on a model, evidence is in most cases gained

by aligning informant sequences to the target genome: coordinates of one sequence

are mapped to the other in a way that the corresponding sequence segments show

high, or even full identity.

Extrinsic approaches can be categorized according to the kind of the informant

sequence:

• Comparative methods use alignments with genomic sequences of closely re-

lated species, exploiting the fact that coding sequences show a higher degree

of cross-species conservation

• Transcript-based methods use alignments with RNA sequenced indepen-

dently from the DNA; since mature RNA does not contain introns, matching

segments of DNA are identified as exons

• Homology-based methods use alignments with RNA or protein sequences

coming from already known genes found at other locations or in other genomes,

DNA segments showing high similarity are likely to code for related proteins

The most accurate results are gained by approaches that combine extrinsic

information with an ab-initio gene prediction. AUGUSTUS has the ability to use

the evidence generated by external alignment tools, in the form of hints [SSMW06]:

it can consider additional input that suggests, with specified reliability, labellings

at indicated locations, and incorporate this into the probabilistic model.

Formally, an alignment is given by a pairwise parse: segmentations

s = ν1 · · · νn, σ = ω1 · · ·ωn

of query sequence s and the target sequence σ, together with labellings qj describing

the relations between νj and ωj. For example, labels might take the values MATCH

(if νj equals ωj, or the translation of ωj in a protein-DNA alignment), MISMATCH

(if νj differs from ωj but both have same length), INSERTION (if ωj is empty) or

DELETION (if νj is empty), or UNALIGNED if there is no relation whatsoever;
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an alignment can be assigned a score based on the labelling, similar to a semi-

Markov chain but for pairs of segmentations. MISMATCH and MATCH labels

not always distinguished, allowing MATCHes that are similar but not completely

identical.

A spliced alignment considers introns as a special case of deletions; with only

small penalties. A perfect spliced lignment is turned into a gene structure simply

by relabelling MATCH to exon labels. Since introns might occur inside codons, it is

convenient to specify spliced protein-DNA alignments in a virtual RNA coordinate

system (even if the sequence forming the RNA is only known after aligning).

The strongest evidence for a gene can clearly be gained from an alignment

with the coding (RNA) sequence itself, or with the resulting protein sequence.

This puts the step of identifying a protein before the gene prediction step. Protein

sequences may be available indepently from a gene prediction, for example when

closely related genomes have already been analysed.

With the software Scipio, I am presenting in this thesis a protein-based gene

prediction tool that is designed for the case of high homology. Finding a gene

structure based on similarity to the translated sequence is desirable in many cases,

for example:

• if protein sequences come from databases that do not contain the coordinates

of the coding sequences (this information may have existed but is not as easily

accessible)

• if protein or RNA sequences have been determined experimentally

• if sequences are only available for closely related species, for a cross-species

search

If the original location of a protein sequence is determined in the genome, the

task is to recover the gene structure rather than predict it; there is normally just

one gene structure resulting in a specified protein sequence. The resulting gene

structures can safely be used as reference.

The need for a tool that can determine the exact exon/intron boundaries from

a given protein sequence arose during the work related with this thesis at several
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occasions. Reference gene structures were needed to evaluate prediction quality.

In addition, it was found also a very useful approach for directly predicting gene

structures in cross-species analysis, for closely related sequences.

Scipio is a wrapper program for the alignment program BLAT written by Jim

Kent [Ken02]. Postprocessing was needed since the protein-DNA alignment calcu-

lated by BLAT are not complete gene structures, for the following reasons:

• since BLAT aligns the protein sequence to the translated target sequence, it

misses codons that have been split by an intron

• rather than returning one accurate hit, it returns a list of hits with varying

accuracy, most of which can be regarded as false positives when searching

for a specific gene

• genomes in an incomplete stage of assembly are scattered over short se-

quences (contigs) that have not yet been assembled, and may contain only

partial genes

• sequencing or assembly errors can cause a single exon to be represented by

multiple segments in the alignment

• exons that are too short to be significant hits alone are not found by BLAT

Scipio addresses these issues and turns the spliced alignments found by BLAT

into gene structures, with precise exon/intron locations, by adding the split codons

to the predicted exons. Segments seperated in a hit by short insertions or deletions

are joined together to form a single exon.

Hits found by BLAT are sorted by score, and the highest scoring is returned.

More than one hit is returned only if the hits are compatible, i.e. they are partial

hits referring to non-overlapping parts of the query sequence, and are located on

different contigs such that the unaligned contig ends do not get too long (allowing

an interpretation as intron).

With the postprocessing performed by Scipio, the output provided by BLAT

was transformed into exact gene structures, turning the spliced alignment into an
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actual homology-based gene prediction. Details about the accuracy of the gene

structures produced were published in the article attached in appendix B.

Short exons that may have been missed by BLAT are searched for by a version

of the exhaustive algorithm designed by Needleman and Wunsch [NW70], a global

dynamic programming algorithm with many analogies to the Viterbi algorithm.

It can be used efficiently only to fill short gaps in the alignment since its running

time is linear in the length of both sequences. In Scipio, its use is restricted to

cases where only short parts of query and target sequences are unaligned; only

these unaligned segments are the input to the algorithm. In the remainder of this

section, I will describe the implementation that I designed for Scipio.

The generic procedure is as follows: Given two sequences r and s, and a penalty

function ρ(ν, ω) : E∗1 × E
∗
2 → R ∪ {∞}, the dynamic programming (DP) variables

γ(r, t) are defined as:

γ(r, t) = min{ ρ(ν1, ω1) + . . .+ ρ(νk, ωk) | s[0..r) = ν1 . . . νk, σ[0..t) = ω1 . . . ωk}

and iteratively calculated by

γ(0, 0) = 0;

γ(r, t) = min{γ(r′, t′) + ρ(s[r′..r), σ[t′..t)) | r
′ ≤ r, t′ ≤ t}

The optimal alignment is calculated by backtracking through the maximizing

arguments: Let

(r′, t′) = pred(r, t) = argmin
r′≤r,t′≤t

(

γ(r′, t′) + ρ(s[r′..r), σ[t′..t))
)

Then sequences (r0, . . . , rn), (t0, . . . , tn) are determined iteratively, by starting with

(rn, tn) = (|s|, |σ|), and prepending the predecessor (rk−1, tk−1) = pred(rk, tk) until

(r0, t0) = (0, 0) is reached. Then

νi = s[i−1..i); ωi = σ[i−1..i).

Given a label set Q characterizing alignments, scores for labels depend only on

the associated segments and not on neighbouring labellings, and ρ can simply be

defined as

ρ(ν, ω) = min
q∈Q

ρ( ν, ω | q).
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ρ is assigned the value ∞ for cases that are explicitly excluded.1

For the sake of efficiency, additional restrictions for the scoring function are

required. The lengths of admissible segments must be bounded, depending on the

label, and pairs of empty strings must be excluded.

The label set used by Scipio is

Q = {MAP, INS,GAP,FS, INTRON0, INTRON1, INTRON2},

and the penalty function ρ( ν, ω | q) is defined subject to the conditions

q = MAP : |ν| = 1, |ω| = 3

q = INS : |ν| = 1, ω = ǫ

q = GAP : ν = ǫ, |ω| = 3

q = FS : |ν| ∈ {0, 1}, |ω| ∈ {1, 2}

q = INTRON0 : ν = ǫ, |ω| ≥ lmin

q = INTRON1,2 : |ν| = 1, |ω| ≥ lmin + 3

where ǫ is the empty string, and lmin is the minimum intron length.

The labels q =INS, GAP, FS are used to allow insertions, deletions and frame-

shifts, at the cost of some constant penalty ρ(·|q) = cq. Furthermore,

ρ(ν, ω | MAP) = δtr(ν, ω) =







0, if ν = tr(ω)

cMISM, otherwise

where tr(·) denotes translation. Introns are distinguished by reading frame; the

intron penalty is computed evaluating the splice sites (considering that 99% of all

introns start with GT and end with AG):

pINTRON(ω) = pINTSTART(ω[0,1]) + pINTEND(ω[t−2,t−1]) + cINTRON

1A technical difference between the scores defined here and for the probabilistic models is

that here, for practical and historical reasons, additive scores are used, and minimized rather

than maximized, with 0 being replaced by ∞ with the usual rules for calculation. The Viterbi

algorithm can use additive variables as well, using log-probabilities as feature functions.
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If q = INTRONj (j = 1, 2), then the given nucleotide sequence is interpreted as

an intron inside a codon n1n2n3. ω has the form n1 . . . n2n3 (j = 1), or n1n2 . . . n3

(j = 2). The three reading frames give rise to different intron penalties and a

potential mismatch penalty:

ρ (ǫ, ω | INTRON0) = pINTRON(ω)

ρ (ν, n1 ω n2n3 | INTRON1)

ρ (ν, n1n2 ω n3 | INTRON2)

}

= δtr(ν, n1n2n3) + pINTRON(ω)

Since the length of introns is not bounded from above, the DP variables cannot

be computed directly, without t′ iterating back to the start of the target sequence.

This is resolved by introducing DP variables keeping track of potential intron

scores at positions inside them (n ∈ N ):

γ(0)(r, t) = min{ γ(r, t′) + pINTSTART(σ[t′,t′+1]) | t
′ ≤ t− lmin }

γ(1)(r, t, n) = min{ γ(r, t′) + pINTSTART(σ[t′+1,t′+2]) | t
′ ≤ t− lmin − 3, σ[t′] = n }

γ(2)(r, t, n) = min{ γ(r−1, t′) + pINTSTART(σ[t′+2,t′+3]) + δtr(s[r−1], σ[t′,t′+1]n)

| t′ ≤ t− lmin − 3 }

leading to the following recursions

γ(0)(r, t) = min{ γ(0)(r, t−1), γ(r, t′) + pINTSTART(σ[t′,t′+1]) } (t′ = t− lmin)

γ(1)(r, t, n) =



















γ(1)(r, t− 1, n); σ[t′] 6= n

min{ γ(1)(r, t− 1, n),

γ(r, t′) + pINTSTART(σ[t′+1,t′+2])}; σ[t′] = n

(t′ = t−lmin−3)

γ(2)(r, t, n) = min{ γ(2)(r, t− 1, n),

γ(r − 1, t′) + pINTSTART(σ[t′+2,t′+3]) + δtr(σ[t′,t′+1]n } (t′ = t−lmin−3)
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and finally,

γ(r, t) = min



































































γ(r − 1, t− 3) + δtr(s[r−1], σ[t−3,t−2,t−1]),

γ(r − 1, t) + cINS,

γ(r, t− 3) + cGAP,

min { γ(r, t−1), γ(r, t−2), γ(r−1, t−1), γ(r−1, t−2) }+ cFS,

γ(0)(r, t) + cINTRON + pINTEND(σ[t−2,t−1]),

min { γ(1)(r−1, t, n) + δtr( s[r−1], n σ[t−2,t−1] ) | n ∈ N}

+ cINTRON + pINTEND(σ[t−4,t−3]),

γ(2)(r, t, σ[t−1]) + cINTRON + pINTEND(σ[t−3,t−2]),

During the iterations, the predecessor index (r′, t′) and the corresponding label

q(r, t) ∈ Q are stored, corresponding to the argument maximizing γ(r, t). Then the

optimal alignment is determined by the backtracking procedure described above.

This way, the remaining gaps in the gene prediction are filled.

3.3 Protein classification

After genes have been predicted on the DNA, protein sequence are determined

that then can be used for further analysis, such as classification. Conversely,

homology-based approaches use the feedback from protein resources for the gene

prediction.

By mapping single highly homologous, or identical protein sequences to the

genome, the gene structure can in most cases be reconstructed, as the results

obtained with Scipio have shown.

Similarity shared by all members of a given class can be a type of information

that can guide the gene prediction in the case of higher evolutionary distance,

effectively performing the protein classification in the same step. This was the

main idea behind designing AUGUSTUS-PPX, that I will present in detail in the

next chapter. In this section, I will describe models that can be used to represented

these similarities.

Relationship between proteins is commonly reflected by sequence similarity:

as the sequence determines most of the three-dimensional structure of a protein,

40



3.3. PROTEIN CLASSIFICATION

sequence similarity generally implies similar or identical function. Hence proteins

with similar sequences are grouped into families, and membership of a query pro-

tein to a family is assessed by sequence models.

Along the full length of the sequences, the degree of conservation can vary

according to the importance of the sequence regions for the particular function

shared by the proteins. These domains are characteristic for the protein function.

Protein signatures are representations of protein families that can be used to

classify query sequences. They are commonly probabilistic models based on mul-

tiple sequence alignments (MSAs). In an MSA, related protein sequences are

arranged in a way that conserved sequence positions appear vertically aligned.

The gap character “-” is inserted into sequences in an alignment to shift the cor-

responding motifs underneath each other.

Many publicly accessible protein databases, the most important of them inte-

grated into the meta-database InterPRO (http://www.ebi.ac.uk/interpro/, [HAA+09]),

offer services to classify query sequences provided by the user, according to the

precomputed signatures.

Profile HMMs

The majority of protein databases use profile HMMs to represent the families

[DEKM99, GKHC01, MLUL+05, BCD+04, QSP+05]. A profile HMM defines a

distribution on member sequences where the underlying state sequence of the HMM

represents the way a generated sequence is aligned to the MSA. Parameters of a

typical profile HMM are

• for each column j ∈ N of the MSA, a distribution

Pj : A → [0, 1]

summing to 1, estimated from the number of occurences of amino acids in

column j

• deletion probabilities P
(Del)
j , estimated from the number of gap characters

found in column j
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• an insertion probability P (Ins)

The architecture of the HMM is defined by:

• a state set

Q = {Del1, . . . ,Deln} ∪ {Mat1, . . . ,Matn} ∪ {Ins0, . . . , Intn}

where n is the number of columns of the MSA. The deletion states Delj

correspond to a column that is deleted in the query, the insertion states Insj

correspond to extra characters inserted to the query between columns, and

the match states correspond to a column aligned to a character in the query.

• transition probabilities

Trinit(Ins0) = P (Ins) Tr(Insj | Insj) = P (Ins)

Trinit(Del1) = P
(Del)
1 Tr(Matj | Insj−1) = 1− P (Ins)

Trinit(Mat1) = 1− P (Ins) − P (Del)
1

Tr(Insj | Matj) = P (Ins) Tr(Delj | Delj−1) = P
(Del)
j

Tr(Delj | Matj−1) = P
(Del)
j Tr(Matj | Delj−1) = 1− P (Del)

j

Tr(Matj | Matj−1) = 1− P (Ins) − P (Del)
j

By introducing a terminal state as in 2.1, a variable number of insertions is

made possible at the end of the sequence: Tr(qinit | Matn) = Tr(qinit | Insn) =

1− P (Ins), Tr(qinit | Deln) = 1.

• emission probabilities

Em(a | Matj) = P
(Mat)
j (a)

Em(ǫ | Delj) = 1

Em(a | Insj) = Pback(a)

where ǫ is the empty string, and Pback(a) is the background (random) distri-

bution of amino acids, given by their global frequencies
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Note that this HMM is generalized by allowing the deletion states to emit

empty strings only (silent states). By choosing appropriate transition probabilites

and eliminating the silent states from Q, it can be regarded as an HMM in the

original sense. The Viterbi algorithm can be used to produce an alignment, by

assigning to the coordinates of the query sequence the aligned columns of the MSA,

given by the state sequence. Moreover, the joint probability reflects the quality

of the alignment, and can be used as classificator, after choosing an appropriate

threshold.

Block profiles

In AUGUSTUS-PPX, protein families are modelled by block profiles. In this

context, a block is an ungapped and highly conserved section of a multiple sequence

alignment. The concept of a block was first introduced by Henikoff [HH91], and

then used to classify proteins in the Blocks database [PHH96, HHP99].

Very similarly, collections of blocks, together with the ranges of admissible dis-

tances between consecutive blocks, have been used as protein signatures, referred

to as fingerprint [AB94] and currently collected in the PRINTS database,[ABF+03]

a member database of InterPRO.

A block profile is a set of n frequency matrices, each generated from one

block, containing the column-specific frequencies of amino acids: (P
(b)
i (a)), b =

0, . . . , n− 1, i = 0, . . . , w − 1, a ∈ A (w = wb denoting the block width). Let

R
(b)
i (a) =

Pi(a)

Pback(a)

denote the odds ratio obtained by dividing by the global distribuion Pback of amino

acids. R serves as a scoring matrix for sequence motifs: given an amino acid

sequence s = s0 . . . sw−1, its similarity to the block is expressed by

ρ(b)(s) = R0(s0) · . . . ·Rw−1(sw−1).

More generally, a partial block score ρ
(b)
[j..k](s) = Rj(s0) · . . . ·Rk(sk−j) can be defined

if s is a (shorter) sequence of length k − j + 1.
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The order of the blocks is assumed to be preserved throughout all sequences in

the family. For each b, an interval Ib = [dmin
b , dmax

b ] specifies the range of admissible

distances between consecutive block motifs (or, in the cases b = 0, b = n, between

the first/last block motif and the sequence start/end, respectively).

A mapping of the profile to a protein sequence s is defined by a series of block

starts J = (j0, . . . , jn−1), giving rise to a profile score

ρ(s; J) = ρ(0)(m0) · . . . · ρ
(n−1)(mn−1) (3.1)

wheremb = s[jb,...,jb+wb−1] is the motif mapped to block b, provided that consecutive

motifs are in admissible distance from each other:

j0 ∈ I0; jb − jb−1 − wb−1 ∈ Ib (b = 1, . . . n)

(setting jn := |s| to the sequence length of s).

In contrast to profile HMMs, this profile score is not Bayesian: there is no a-

priori distribution on mappings. While in a profile HMM, insertions and deletions

are penalized, here the score of a mapping depends only on the sequence motifs the

mapping aligns to blocks. The odds score reflects the ratio of probabilities in the

background model to the model defined by the mapping; both sequence models

are identical in inter-block regions.
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Chapter 4

AUGUSTUS-PPX: A new hybrid

gene prediction method

In this chapter, a new method is described that combines ab-initio gene predic-

tion with the information contained in a protein profile. The method has been

implemented, and integrated into the existing ab-initio gene prediction program

AUGUSTUS. It was tested successfully, showing considerably improved prediction

results. The publication based on this work is attached in Appendix C, and gives

a detailed overview on the obtained results.

4.1 Motivation

Because of the enormous speed that new genomic data is produced, only a very

small part of it can be annotated manually. On the other hand, the amount of data

available as extrinsic input to automated annotation methods is equally growing.

It is therefore crucial to explore ways to integrate all possible kinds of information

that can improve the accuracy of gene prediction.

Since evidence is not available for all genomic regions, ab-initio methods are

still an essential part of the prediction process. Based on an ab-initio approach,

AUGUSTUS can be viewed as a platform for the integration of all types of evidence

produced by third-party tools (usually alignment-based), considering these as hints

of adjustable reliability [Sta03, SSMW06]
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As the next step in the annotation pipeline, the classification of newly predicted

genes depends strongly on the accuracy of the gene prediction. Existing protein

resources can help guiding the prediction. While many researchers are focused on

particular protein families of interest, comprehensive databases containing protein

data are widespread, and easily accessible, for example via InterPRO.

The protein profile extension (PPX) to AUGUSTUS is designed to combine

AUGUSTUS’ ab-initio model with a second probabilistic model for membership to

a protein family. The additional input that AUGUSTUS-PPX takes is a protein

signature in the form of a block profile. In contrast to the hints approach, the

evidence is not produced by a separate program but created in parallel to the ab-

initio prediction, allowing mutual interaction of the models. However, hints from

complementary sources can work together with this approach to include more kinds

of extrinsic information.

Two goals are pursued with the protein extension. First, the identification

of family members during the gene prediction, and second, more importantly, a

potential of correcting the prediction in a way that improves identification rates

for these genes.

The problem addressed by this combined approach is the prediction of gene

structures subject to the condition that the encoded protein sequence fits to the

protein model. To this end, the similarity of candidate genes to the profile is

evaluated based on candidate mappings of its blocks to the DNA; gene structures

equipped with a valid mapping are awarded a bonus to their ab-initio score. An

extended version of the Viterbi algorithm takes into account the bonus of potential

profile mappings for the determination of the highest-scoring parse.

4.2 Profile-DNA mappings

A block profile is mapped to the DNA sequence σ by specifiying the start locations

(t0, . . . , tn−1) of the segments coding for potential block motifs. We denote any such

mapping by ψ. Since blocks may be interrupted by introns, the full mapping is

well-defined only when also a candidate gene structure φ is given, as depicted in

Figure 4.1. In this case, ψ is valid if all tb lie on exons belonging to the same
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0t t3t2t1

d

Protein sequence

DNA sequence

0 j 1 2 j 3jj
1

Figure 4.1: A profile-DNA mapping. The translated transcript (above) contains
four block motifs (in red) m0,. . . ,m3, separated by inter-block sequence (in grey)
of length db. The coding gene (below) consists of six exons; sequences coding for
the block motifs are shown in red. Block hits may appear inside an exon (m0,m1)
or be disconnected by one or more introns (m2,m3).

gene, and the inter-block regions on the protein sequence have admissible lengths

dmin
b ≤ db ≤ dmax

b .

The score of the mapping is defined by equation (3.1): if s is the protein

sequence of the gene, and ψ̃ are the protein coordinates of the mapping ψ, then

we write

ρ(σ;φ;ψ) = ρ(s, ψ̃) = ρ(0)(m0) · . . . · ρ
(n−1)(mn−1). (4.1)

Several genes may be equipped with mappings ψ1,ψ2, . . . , ψr, resulting in a

total score of

ρ(σ;φ;ψ1, . . . , ψr) = ρ(σ;φ;ψ1) · . . . · ρ(σ;φ;ψr).

Formally, ρ can be defined to be 0 for invalid mappings. When provided with

a protein profile, the Viterbi algorithm will search for the best-scoring combina-

tion of gene structure and compatible profile-DNA mappings. More precisely, it

determines φ, ψ1, . . . , ψr maximizing the combined score

P (σ, φ) · ρ(σ;φ;ψ1, . . . , ψr), (4.2)

where the joint probability P (σ, φ) for sequence and gene structure is multiplied

with the profile bonus ρ(σ, φ, ψ) for each candidate transcript equipped with a

valid mapping ψ. Thus, only if a gene is compatible to a profile mapping with a

score high enough to compensate for a lower ab-initio score, the prediction with

the profile will differ from the prediction without. In particular, on sequences

where no members of the protein family are identified, the result will be identical
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to the ab-initio prediction. In the underlying sequence model, multiplying with ρ

effectively amounts to replacing the background model with the block model, in

the exon sequence model.

For performance reasons, only mappings that consist of block hits are considered

for the evaluation of the profile bonus. To classify a given protein sequence s of

length w as a block hit, we turn the scoring function into a decision function by

requiring ρ(s) > τ , with a block-specific threshold τ = τ (b).

Two global parameters θ0(= θspec) and θ1(= θsens) independent from b, are

specified by the user, designed to ensure that estimated error rates are low.

We consider two competing models,H0 describing random sequences distributed

according to Pback, and H1 describing block motifs from a block b under consider-

ation, distributed according to Pblock = (Pi)i=0,...,w, the frequency matrix given in

the profile. Pi(a) denotes the probability to observe amino acid a at position i of

a block motif, while Pback(a) denotes the global probability for a to appear at any

position. The odds-ratio is given by Ri(a) =
Pi(a)

Pback(a)
; for convenience, we consider

in the following the log-odds ratio Li(a) = logRi(a), turning the product ρ(s) =

R0(s0) · . . . · Rw−1(sw−1) into a sum ℓ(s) = log ρ(s) = L0(s0) + . . . + Lw−1(sw−1).

Each of the two models Hj gives rise to a different expectation value µj = Ej(L)

and variance σ2
j = Varj(L) for the log-scores.

By putting the global parameters into the block-specific scale, we obtain thresh-

olds τ− = µ0+ θ0 σ0, τ
+ = µ1− θ1 σ1. A score exceeding τ− is at least θ0 standard

deviations above the expected score in the background model, and a score below

τ− is at most θ1 standard deviations less than the expected score for a block motif.

The probability for a random sequence (in either model) to have a score in this

range can be approximated with the Gaussian distribution by

1− Φ(θ0) and 1− Φ(θ1),

where Φ is the cumulative Gaussian distribution function; hence, these numbers

are bounding the estimated error rates.

For example, the values θ0 = 4.5 and θ1 = 1.5 used as default values correspond

to a false-positive rate less than 1−Φ(4.5) = 3.3 · 10−6 (one block hit in a random
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1m0m

DNA sequence

Protein sequence

i

2m

t

Figure 4.2: Calculating Viterbi variables at DNA position t, for substate (b, i),
b = 2, i > 0. The score is maximized for all gene structures that have a mapping
to the truncated block motif m2 of length i at the end of the exon. Any parse
continuing from here must have the next exon starting with the remainder of the
motif. The bonus awarded to the Viterbi variable for this mapping is ρ(0)(m0) ·

ρ(1)(m1) · ρ
(2)
[0..i−1](m2).

amino acid sequence of 300 000 residues), and to a sensitivity of at least Φ(1.5) =

93.3%.

In order to fulfill both conditions, τ must satisfy τ− ≤ τ ≤ τ+. Provided

that τ− ≤ τ+, we set τ = 1
2
(τ− + τ+). Any sequence satisfying the condition

ℓ(b)(s) > τ , or equivalently, ρ(b)(s) > exp(τ), is then considered a block hit. In the

case τ− > τ+, or if w < 6, the block is removed from the profile for the evaluation.

4.3 Integration into AUGUSTUS’ state model

Iterating over all DNA positions, the Viterbi algorithm computes the scores of op-

timal partial parses (candidate gene structures) ending in the current position, and

stores them in variables indexed by position and last state, each state representing

a different sequence type, distinguished by strand and, if applicable, by reading

frame.

When equipped with a protein profile, the score assigned to a parse is modified

as described above: for each gene in the parse that is compatible with a profile-

DNA-mapping, the score is to be multiplied with the best possible profile bonus;

each exon in the gene contributes the bonus for the hits for a full or partial block

mapped onto it.

When the algorithm arrives at a position in the DNA, it must consider all

partial profile mappings started before that can be continued beyond this position,

having a particular position within the profile aligned to the current DNA position,
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as in Figure 4.2. This position determines the conditions for the mapping to be

continued; thus, a separate score has to be stored at that position for each profile

position. To this end, the original state space of AUGUSTUS was extended by a

set U of secondary states attached to the main state, representing the position in

the profile:

U = {u = (b, i) | b = 0, . . . , n; i = −d(b)max, . . . , wb} ∪ {X}

where b denotes the block (b = n the region behind the last block), and i the

position relative to the block. The state X represents an undefined position, for

genes not matching the profile.

Positive i denotes a position inside block b, while negative i represents a position

before block b, determined by the position of the previous block. In the latter

case, −i refers to the maximum allowed inter-block columns to follow; the earliest

admissible block start is at i = −d(b)max + d
(b)
min, the latest is at i = 0.

For a partial profile mapping ending at position (b, i), the profile score mul-

tiplied to the ab-initio score is computed as in equation (4.1), except that the

product is truncated at the current position:

ρ(0)(m0) · . . . · ρ
(b−1)(mb−1) · ρ

(b)
[0..i−1](mb)

(where the last factor is included only in the case i > 0, as in Figure 4.2).

If a gene structure is equipped with a profile-DNA mapping, they define a

sequence of secondary states in the form of profile positions aligned to the DNA

coordinates specified in the parse; an extended parse is a parse together with such

a sequence of secondary states:

φ+ = (φ; u1, . . . , un) =
(

(q1, t1, u1), . . . , (qn, tn, un)
)

;

by setting uj = X for all j, a parse without profile hits can be viewed an extended

parse as well.

We define the score of an extended parse as the maximum of the combined

scores of all profile-DNA mappings that agree with it: Let q is an exon state, and

u′, u profile positions at exon start t′ and end t. The exon bonus ρ(u′, t′, u, t) is
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defined as follows: If i′ > 0, then the exon must start with the a block suffix, and

contributes the partial block score ρ
(b′)
[i′..w

b′
)(m), where m is the translation of the

exon part overlapping with the block; an admissible mapping starts with block

b′ + 1 at a suitable distance. If i′ ≤ 0, then it determines the admissible block

start for block b′. Consecutive blocks may be mapped onto the exon, contributing

ρ(b)(m) to the exon bonus, provided they satisfy the distance constraints given in

the profile. There may also be no block starting on the exon if it is short enough

to fit into the admissible inter-block region.

Each admissible mapping defines a profile position u at the exon end, depending

on the last mapped block. ρ(u′, t′; u, t) is is the contribution of the block scores

aligned to the exon (partial block scores, if it starts or ends inside a block). If

several mappings are compatible with (u′, u) on the same exon, then maximum of

them is taken.

The extended feature function is then given by f(z′, u′, z, u) = f(z′, z)·ρ(u′, t′; u, t),

z = (q, t), if q is an exon state.

Intron states inside a profile mapping are not contributing a bonus, but need

to be equipped with secondary states as well, in order to keep track of the profile

position for the following exon. For introns, we have and f(z′, u′, z, u) = f(z′, z)

if u′ = u, and f(u′, t′, u, t) = 0 otherwise.

It follows that

P (σ, φ+) = P (σ, φ) · ρ(σ, φ, ψ1, . . . , ψr)

if ψ1, . . . , ψr is the highest scoring set of profile-DNA mapping compatible with

the secondary state sequence u1, . . . , un (including the case r = 0 that no gene

matches the profile, corresponding to uj = X).

The Viterbi variables used in the extended model are indexed by state and

secondary state:

γ(z, u) = max
z′,u′

γ(z′, u′) · f(z′, u′, z, u)

Each pair of secondary states give rise potentially to a different profile bonus for

the same exon. To compute the extended variables, the combined scores have to

be maximized iterating over all predecessor DNA and profile positions.
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Genes on the backward strand are evaluated essentially in the same way as

genes on the forward strand; however, in this case, the profile is mapped to the

DNA “backwards”, starting with the C-terminus. Correspondingly, the secondary

states on the backward strand refer to blocks and columns in reverse order: the

first motif is evaluated by the last block in the profile, starting with the last block

column.

4.4 Speed-up and Memory-saving Strategies

Since the model attaches a high number of secondary states to every main state

of the original model, an exhaustive evaluation of all combinations of block loca-

tions and secondary states would become prohibitively slow; therefore, most of the

secondary state entries are eliminated or shared between main states in order to

control the computational cost. Secondary scores are stored in the Viterbi matrix

dynamically, reserving memory only for nonzero entries.

Precomputing block hit collections

To prepare the search for whole blocks found on the same exon, the target sequence

is searched for block hits in parallel to the main algorithm, and the hits are stored

in collections of consecutive hits satisfying the distance conditions. Motifs that do

not score over the threshold τ defined in the end of section 4.2, are not considered

for the collections. In practice, this commonly leads to exon candidates with very

few block hits or none at all allowed on them, preventing the vast majority of

secondary state entries to be created.

Scores for blocks truncated at exon borders are calculated only once for every

location. Furthermore, similar to the case of full blocks, truncated blocks are

subject to filtering with thresholds if they exceed a minimum length; again, this

leaves only few values for i > 0 actually stored as secondary states.
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Removing dominated states

In the situation that inter-block positions u = (b, i) with i < 0 are calculated, i

constrains the admissible block start on the upcoming exon(s).

We call u = (b, i) dominated by two neighbouring positions (b, i′) and (b, i′′) if

these cover the admissible block starts defined by u.

This is the case if i′ < i < i′′ and i′′−i′ ≤ dmax
b −dmin

b . If both of the dominating

profile positions have a higher score, the entry at (b, i) may be deleted from the

Viterbi table.

Pruning dead state graph branches

In order to reduce the memory needed for the extended Viterbi table, we remove

from it all entries that are not contained in any parse reaching the current DNA

location. To this end, for each entry, a counter is installed and incremented every

time the entry is maximizing the partial score for some successor state. An entry for

a secondary state is deleted if its successor count is zero at the time the algorithm

has proceded to a location in the target sequence beyond the maximal state length

from the entry. This helps saving considerable amounts of memory in predictions

on long sequences.

Sharing substate tables

As the profile location is constant throughout an intron, memory can be saved by

sharing the state tables between consecutive intron states with a fixed length. AU-

GUSTUS’ state model has intron states emitting a single nucleotide, and candidate

parses evaluated in the course of the Viterbi algorithm contain long sequences of

the single-nucleotide intron states in every long intron, mostly with identical en-

tries for secondary states, just differing by a constant factor. Instead of using

a separate copy for the secondary states attached to the main intron state, for

each nucleotide position, only the constant factor is stored, and a link to the table

containing the secondary states of the predecessor (the last DNA location that an

exon candidate contributed to the intron score).
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4.5 An algorithm for fast block search

To make it possible to run AUGUSTUS-PPX on a whole-genome scale, we devised

a fast preliminary search algorithm for determining the genomic regions that are

likely to contain genes matching the profile, without determining detailed gene

structures. The algorithm was implemented in a separate executable that can be

used before running AUGUSTUS. Given a target sequence and a protein profile,

it performs the following steps:

• Building a seed collection: For each of the 8 000 possible triplets of amino

acids, the positions in the profile are stored where that triplet is likely to

occur.

• Determining block hit candidates: iterating over the target sequence, each

9-tuple is tested for being a seed. Any segment covered at least 25% by seeds

for a block is considered for exhaustive evaluation. This prefiltering step is

very fast, since it consists of a simple lookup with amino acid triples as keys.

• Exhaustive evaluation of candidates: given a block start offset, partial scores

ρ[j..k](aj..ak) are maximized where a0..aw−1 is the translated DNA segment.

This interval is stored as a partial block hit if its size reaches the minimal

block width and the (partial) block threshold is exceeded.

• Assembling block hits to profile hits: each block hit is extended to a series

of block hits by joining neighbouring hits, allowing for blocks being skipped.

Using dynamic programming, sequences of block hits are determined that

are highest-scoring for all contained blocks, and returned as profile hits.

This algorithm is fast enough to be run on whole genomes with a high number of

profiles, in order to determine the regions AUGUSTUS-PPX is then run on.

4.6 Discussion

In order to take into account information about membership to protein families of

predicted genes, a block profile representing one family of interest was accepted as
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additional input to the gene prediction program AUGUSTUS. The blocks of such

a profile were mapped to the DNA, imposing length constraints and deviating

nucleotide composition to the exon model. Gene structures following the modified

model were assigned a series of secondary states.

In general, secondary states can be used to model side conditions that influence

the score of a parse. For example, constraints on the total gene length may be

imposed, or they can keep track of split intron information, for the exclusion of

spliced stop codons. Here, secondary states are aligning the profile to the exon

ends.

Except for technicalities, secondary or sub-states can be characterized by the

propery that they do not follow the Bayesian approach: While in a GHMM, an

a-priori distribution for parses is defined by transition probabilities and state

length distributions, any legal sequence of secondary states may be assigned may

be assigned to the parse, without affecting the a-priori distribution. The result

is a mixture of a Bayesian and a maximum-likelihood approach: Given a parse,

the choice of secondary state depends only on the target sequence; all secondary

sequences have the same chance to be used.

The reason for this choice is the label bias [LMP01]: a problem occuring in

some GHMMs when states that have many successor states compete with states

that do not. The parse returned by the Viterbi algorithm is the most likely single

parse, and will less frequently contain states with many successor states, since all

these successor states have to share the “mass” coming from the predecessor. This

is especially undesired if the successor states share the same label (what the user

sees as output), and are distinguished merely to implement side constraints.

In order to assess the prediction accuracy of AUGUSTUS-PPX, it was equipped

with the profile of several protein families, and test runs were performed on

genomes at different evolutionary distances. The results showed a significant in-

crease in prediction quality, compared to the ab-initio approach, but also to com-

peting software using protein profiles. The number of genes predicted with high

accuracy showed a dramatic increase. For detailed results, see the published article

in appendix C.
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Article about SIGI-HMM

“Score-based prediction of genomic islands in prokary-

otic genomes using hidden Markov models”

published in BMC Bioinformatics (2006), 7, 142.
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Abstract

Background: Horizontal gene transfer (HGT) is considered a strong evolutionary force shaping the

content of microbial genomes in a substantial manner. It is the difference in speed enabling the rapid

adaptation to changing environmental demands that distinguishes HGT from gene genesis, duplications or

mutations. For a precise characterization, algorithms are needed that identify transfer events with high

reliability. Frequently, the transferred pieces of DNA have a considerable length, comprise several genes

and are called genomic islands (GIs) or more specifically pathogenicity or symbiotic islands.

Results: We have implemented the program SIGI-HMM that predicts GIs and the putative donor of each

individual alien gene. It is based on the analysis of codon usage (CU) of each individual gene of a genome

under study. CU of each gene is compared against a carefully selected set of CU tables representing

microbial donors or highly expressed genes. Multiple tests are used to identify putatively alien genes, to

predict putative donors and to mask putatively highly expressed genes. Thus, we determine the states and

emission probabilities of an inhomogeneous hidden Markov model working on gene level. For the

transition probabilities, we draw upon classical test theory with the intention of integrating a sensitivity

controller in a consistent manner. SIGI-HMM was written in JAVA and is publicly available. It accepts as

input any file created according to the EMBL-format.

It generates output in the common GFF format readable for genome browsers. Benchmark tests showed

that the output of SIGI-HMM is in agreement with known findings. Its predictions were both consistent

with annotated GIs and with predictions generated by different methods.

Conclusion: SIGI-HMM is a sensitive tool for the identification of GIs in microbial genomes. It allows to

interactively analyze genomes in detail and to generate or to test hypotheses about the origin of acquired

genes.
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Background
Horizontal gene transfer (HGT) is a process that results in
the acquisition of novel genes originating from perhaps
taxonomically unrelated species. This phenomenon is fre-
quent among microbes and is considered a means of rapid
adaptation to changing environmental demands [1].
Pieces of DNA acquired via HGT frequently have a consid-
erable length. These patches have been called genomic
islands (GI) or due to their role and more specifically
pathogenicity islands [2] or symbiotic islands [3].

Several methods have been developed for the prediction
of GIs based on different approaches to identify putatively
alien (pA) genes [4-12]. Each of these concepts has spe-
cific preferences and drawbacks; for recent reviews see
[13,14]. In the following, we describe an approach which
relies on the genome theory postulating a rather homoge-
neous codon usage within a genome [15]. The algorithm
exploits taxon specific differences in codon usage for the
identification of pA genes and the prediction of their puta-
tive origin. Hidden Markov models (HMMs) are a state of
the art concept in computational learning theory. A
sequence of observations is considered as being emitted
from the states of an invisible Markov chain. The Viterbi
algorithm efficiently computes a sequence of states that
have the maximal posteriori probability given a certain
sequence of observations and fixed transition and emis-
sion probabilities. The challenge in designing a HMM is
representing the real situation adequately in order to gen-
erate relevant predictions. HMM have proved useful in
many applications. In the case of predicting eukaryotic
genes, for example, the programs GENSCAN [16,17],
HMMGene [18,19], GenomeScan [20], AUGUSTUS [21],
and AUGUSTUS+ [22] are HMM-based.

It has been shown that HMMs allow to predict GIs [9]. GIs
have typically a considerable length, therefore we have
decided to implement a HMM assessing GI prediction on
the gene level. GIs can originate from a variety of a priori
unknown donors. Therefore, it is difficult to assure suffi-
cient test statistics. We will describe an approach named
SIGI-HMM. To some extent, it is based on principles intro-
duced with SIGI [23]. This program was used to analyze
individual genomes [24,25] and to study the content of
genomic islands in general [26] as well as to characterize
gene-flux between bacteria and archaea [27]. For SIGI-
HMM we substituted a heuristic approach with a HMM.
SIGI-HMM has only few parameters to adjust. The most
relevant one is a sensitivity controller which affects transi-
tions of the HMM in a consistent manner. We will dem-
onstrate and assess the performance of SIGI-HMM by
analyzing genomes in detail.

Implementation
We have implemented SIGI-HMM in Java as a first mod-
ule of our software suite COLOMBO intended as a work-
bench for the statistical analysis of genomic data. The
program can be downloaded from [28]. The download
package contains also the program Artemis [29], which is
used to visualize the output of SIGI-HMM. After the instal-
lation, a genomic dataset formatted in EMBL-format can
be loaded and analyzed. SIGI-HMM creates several lists
containing the predictions in GFF-format or tabulated.
Predictions are classified according to the categories
NATIVE and PUTAL. In addition, a modified EMBL-for-
matted file is generated containing both the original
annotation and the predictions. This file can be fed into
Artemis in order to color-code and visualize genome con-
tent. Thus, the user can interactively study the composi-
tion of genomes. Intentionally, only few parameters can
be manipulated by the user: The sensitivity controller and
the gap length which decides on merging single GIs to
larger ones. In addition, the user can supplement the list
of putative donors we have deduced from the CUTG data-
base (see below). The default value of the the sensitivity
controller was chosen to give predictions consistent with
published results; see Table 1. If it is known that the
genome under study contains GIs, we propose the follow-
ing approach in order to optimize sensitivity of SIGI-
HMM: Starting from a low value, sensitivity should be
increased until all known GIs appear. If new islands
emerge, they show the same degree of codon usage bias
and should be considered GIs.

Results
The following text is organized as follows: First we intro-
duce data models, the scoring system and the architecture
of the HMM. Then we evaluate the predictive power of the
algorithm and present analyses of several genomes.

Stochastic data models

Let  be a series of genes as deduced from a genome cod-

ing for proteins  . For each codon c we count its occur-

rence #c in . We define the synonymous frequency qac �

[0,1] as the ratio of #c divided by the occurrence of the

amino acid a encoded by c in  . The frequency qc � [0,1]

of c in  is defined as #c divided by the occurrence of all

codons in  .

Now let 0 be a prokaryotic genome whose genomic

islands have to be predicted and let 1, 2, ..., r be

genomes assumed to be the donors for pA genes occurring

in 0. We consider 1 to r as representatives of taxa

1 to r which are assumed to be the putative sources

of 0's alien genes. For each protein (i.e. sequence of

.
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amino acids) S = a1, a2,..., an that is encoded by a gene g of

genome 0 (given by the sequence of codons c1,c2,...,cn),

and for each U = 0, 1, ..., r, we define the probability

where  � [0,1] is the synonymous frequency in

genome U as defined above.

Scoring scheme

We utilize the odds ratio

in the following way as a scoring scheme. The codon usage

of g originating from 0 resembles more the prevalences

of U if

If this is the case for some U and if

then gene g is considered to be pA originating from taxon

 represented by genome . This principle of

deducing the putative donor has previously been intro-

duced and validated [23].

How to choose the thresholds WU,D needed in Equation 2?

Let  be the set of all theoretically possible genes cod-

ing for protein S. For each U � {1, 2,..., r}, we consider the

statistic

where G �  is a random element distributed according

to PU (· | S). Having computed the mean PU and the stand-

ard deviation VU of tU(G), we apply the central limit theo-

rem: The random variable 1/VU(tU(G) - PU) is

approximately distributed according to the standard nor-

mal distribution with the cumulative distribution func-

tion ). We determine the value WU, D such that

The parameter D serves as SIGI-HMM's sensitivity control-

ler. It can be adjusted by the user. Please note that the

.
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Table 1: A comparison of pA predictions for prokaryotic species. SIGI-HMM was used to identify GIs. The accumulated length of genes 

constituting GIs is given in percent in column pA DNA. This transformation allows to compare results with entries of column Foreign 

DNA, which was reproduced from [41]. The column Length lists the genome size im Mbp.

Species Length [Mbp] Foreign DNA [%] pA DNA [%]

Escherichia coli K-12 4.64 12.8 9.3

Bacillus subtilis 4.21 7.5 7.6

Synechocystis PCC6803 3.57 16.6 5.0

Deinococcus radiodurans 2.65 5.2 4.8

Archaeoglobus fulgidus 2.18 5.2 4.2

Aeropyrum pernix 1.67 3.2 1.5

Thermotoga maritima 1.86 6.4 1.0

Pyrococcus horikoshii 1.74 2.7 2.9

Methanobacterium thermoautotrophicum 1.75 9.4 1.6

Haemophilus influenzas Rd KW20 1.83 4.5 1.6

Helicobacter pylori 26695 1.67 6.2 0.0

Aquifex aeolicus 1.55 9.6 1.8

Methanocaldococcus jannaschii 1.66 1.3 0.2

Treponema pallidum 1.14 3.6 0.3

Borrelia burgdorferi 0.91 0.1 8.5

Rickettsia prowazekii 1.11 0.0 0.0

Mycoplasma pneumoniae 0.82 11.6 3.8

Mycoplasma genitalium 0.58 0.0 0.2
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impact of parameter D onto the decision is independent of

0 and U.

Eliminating putatively highly expressed genes

In several genomes, highly expressed genes show a specific

codon usage which deviates from the average one and

resembles codon prevalences observed in genes coding for

ribosomal proteins; see e.g. [8]. We name these genes

putatively highly expressed (PHX). On the one hand, it is

unlikely that these genes were acquired via HGT. On the

other hand, methods based on codon usage tend to clas-

sify them as pA. This needs to be prevented explicitly. We

use an approach similar to the GCB score introduced in

[30]. It was shown that this methods is one of the best to

predict gene expressivity [31]. Let  be the synony-

mous codon frequencies for the ribosomal genes of

genome 0 and let

If

we consider the gene g as not alien (see [2,8]).

The threshold T is determined as follows: Let P0 and P0,rib

be the mean values and V0 and V0,rib be the standard devi-
ations of the test statistic trib(G), where G is distributed
according to P0(· | S) and P0,rib(· | S), respectively. The
distribution functions of 1/V0(trib(G) - P0) and 1/
V0,rib(trib(G) - P0,rib) are approximately standard normal.
We choose T in such a way that

Thus, the error of the first and second kind are of equal
size.

Architecture of the HMM

Figure 1 depicts the architecture of the implemented

HMM. The state NATIVE corresponds to genes having an

unsuspicious codon usage. The states PUTAL1, PUTAL2,...,

PUTALr represent putatively alien genes originating from

taxa 1 to r. GIs frequently have a mosaic structure

which is due to their generation in a multistep process

(see [2]). Therefore, we allow transitions from any PUTAL

(i.e. donor) state to any other one.

In order to implement our sensitivity controller, we let the

transition probabilities depend on the protein under con-

sideration. Thus, the Markov chain presented in Figure 1

is in fact an inhomogeneous one driven by the series  0

of proteins encoded by 0. To simplify notation, we have

omitted the index S, which refers to the protein. Instead,

we identify a protein by its index originating from  0.

Solving some linear equations, the transition probabili-
ties given in Figure 1 can be determined in such a way that

a and b are positive constants which were chosen appro-
priately to generate GIs which are at mean shorter than the
surrounding regions of native genes. The probabilities px2y

correspond to transitions from state x to y (see Figure 1).

We extend the Markov chain X1, X2, ..., X� driven by the

state diagram given in Figure 1 to a HMM X1, Y1, X2, Y2 ...,

X�, Y� in the following way: For S = 1, 2..., �, the random

emission YS takes values in the sample space  defined

above. For U = 1, 2,..., r, the emission probabilities are

defined by means of Equation 1 as follows:
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States and transition probabilities of SIGI-HMM's Markov chainFigure 1

States and transition probabilities of SIGI-HMM's Markov 

chain. The state NATIVE represents genes which are unsus-

picious with respect to synonymous codon frequencies. For 

U = 1, 2,..., r, the state PUTALU models genes, whose codon 

usage resembles more the prevalences of genomes U 

which represents taxon U. Each transition from state x to 

state y is characterized by its transition probability px2y. In 

order to model the mosaic structure of GI composition, 

transitions from any state PUTALU to any other one PUTALV 

are allowed.

.

;
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P(YS = g | XS = NATIVE) = P0(g | S)  and  P(YS = g | XS =
PUTALU) = PU(g | S).  (5)

As already explained, PHX genes have to be eliminated.
Our test for putatively highly expressed genes classifies
genes as phx or ¬phx. In order to integrate these predic-
tions into the HMM, we interpret the outputs as a random
sequence H1, H2,..., H� of hints. Please note that an emis-
sion is now a combination of a gene and a hint. Hints are
interpreted the following way: For the native state we
define

For U = 1, 2,..., r, the emission probability given a pA state is
defined by

P(HS = ¬phx | XS � {PUTAL1, PUTAL2, ..., PUTALr}) = 1.

It is biological evidence, which led to the above defini-
tions. The products of highly expressed genes are involved
in complex interactions. Therefore, it is highly unlikely
that these genes can be replaced by HGT. Please note that
the algorithm has – due to our design – to consider each
hint.

Determination of the codon-specific core and atypical 

genes

It might be that some pA genes originate from sources not

characterized by our set of putative donors (see below). In

order to identify these atypical genes, we determine the

codon-specific core (CSC) of a genome, which consists of

those genes having an unsuspicious codon usage. Having

chosen a protein S � 0 and the related gene g � 0, we

consider a random element G of the set  distributed

according to P0(· | S) (see Equation 1). For the following

test, we identifed those amino acids a encoded by more

than one codon and occurring at least 5 times (na t 5) in

the protein. For each codon c which encodes amino acid

a we introduce a random variable countc(G) = #c, which

follows a binomial distribution characterized by the

expected value  and variance (1 - ).

The statistic

is approximately distributed according to the standard
normal distribution. For each G � (0, 1) there is exactly
one TG > 0 such that

where J is the occurrence of those amino acids considered
in this section. In analogy to [32], we name the gene g G-
typical (G � (0, 1)), if for all codons c

|Ic(g)| <TG.

This is why the probability of being not G-typical is for a

random gene G less than or equal to G. Setting G to 10/�,

where � is the number of 0's genes, turned out to be ade-

quate. Only few genes (< 1%) were labelled as atypical

(see Results). Therefore, the exact value of G is uncritical.

This observation confirms that our selection of codon

usage tables covers the prevalences of putative donors to a

great extent.

The algorithm for computing the CSC of genome 0 first

removes all genes from 0 that are not G-typical. Then the

synonymous codon frequencies of the remaining genes

typ are recomputed and the genes not G-typical with

respect to the new frequencies are removed from typ.

This is done as long as there are such genes in typ. Our

experiments showed that this algorithm converged for all

completely sequenced genomes to a CSC typ containing

at least 75% of all genes. The atypical genes are those not

contained in the CSC typ.

Predicting genomic islands

Using the Viterbi algorithm (see e.g. [33,34]), SIGI-HMM
computes at first the Viterbi path (i.e. the most probable
sequence of states). All genes labeled as atypical and all
genes assigned to one of the states PUTALU (U = 1, 2, ..., r)
are considered as belonging to GIs. Since it is reasonable
to expect inside GIs genes with a codon usage similar to
native ones, GIs separated by less than four native genes
can optionally be merged. This merging distance can be
set by the user.

Selecting putative donors

For each genome 0, an individual set of putative donors

1, 2, ..., r has to be selected. As these donors are

reduced to their specific codon usage tables, we utilized

the Codon Usage Database (CUTG) (Release 149.0, Sep-

tember 26, 2005) [35]. Those entries were extracted that
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consisted of more than 6,400 codons. If a species was rep-

resented by more than one table, we took the entry sam-

pling the largest number of codons. This pre-computing

phase resulted in the selection of z = 690 codon usage

tables. Then, a z × z dissimilarity matrix D was set up. For

each pair i, j of species, we calculated the value Dij = 1/2 -

Kij. In order to compute the discriminative error Kij, we

first considered the set of all "synthetic" genes each com-

prising 50 codons. Each of the 50 codons was independ-

ently selected according to the codon frequencies . We

then determined a probability distribution Pk for each spe-

cies k on this set. These distributions were utilized to

determine Kij in analogy to Equation 4.

Hierarchical divisive clustering [36] was now applied to

analyze the dissimilarity matrix D. As it was our aim to

generate clusters representing taxonomically related spe-

cies, we used the data basis of the taxonomy browser of

the NCBI [37,38] for the following procedure. First, we

eliminated all entries, which could not be related to a tax-

onomical class. Then, we generated for the initiation of

the diversification process "class"-clusters consisting of

species (i.e. synonymous codon frequency tables) belong-

ing to the same taxonomical class. To test homogeneity of

the clusters G, we computed for each entry i the average

dissimilarity  (i) (see [39]) according to

In order to initiate the split of a cluster G, the element i �

G having the maximal  (i) value was chosen. This

i was the first element of a new cluster H. As long as the

condition

was true, the element k generating the maximal

 value was transferred from G to H.

Starting with the initial set of class-clusters described

above, the split procedure was applied to that cluster G

having maximal diameter

as long as that maximal diameter was greater than or
equal to a threshold d1 (see [40]).

The procedure resulted in  = 99 clusters. In order to

select a typical example for each cluster, the frequency

table having the lowest dissimilarity value to the baryc-

enter of the cluster was chosen. The resulting  codon

usage tables were regarded as representatives for putative

sources of aliens genes.

To prevent false predictions, clusters with a composition

too similar to the input genome 0 have to be elimi-

nated. Therefore, the set of  codon usage tables was pre-

processed during the initialization phase for 0. Those

elements were deleted, whose dissimilarity to the fre-

quency table of 0 was less than a threshold d2. This pro-

cedure resulted in a 0-specific set of r putative sources.

Testing performance and analyzing genomes

To assess accuracy, SIGI-HMM's predictions were com-
pared with results published in [41]. In nearly all cases,
the fraction of pA genes determined by SIGI-HMM was
lower; compare results listed in Table 1. This might be due
to the focusing of SIGI-HMM on the prediction of GIs.
However, for the genome of Borrelia burgdorferi SIGI-
HMM predicts a significantly higher fraction of pA genes.
The organization of this genome is unusual, it consists of
20 mainly linear replicons and is subject to frequent
genomic rearrangements [42]. During these reorganiza-
tion events integration of alien DNA might take place
making a larger fractions of pA genes for the B. burgdorferi
genome plausible. In the following, we report in more
detail findings deduced for genomic data sets of the fol-
lowing microbial genomes: Vibrio cholerae, Bacillus subtilis,
Escherichia coli K-12, Methanosarcina mazei, Thermus ther-
mophilus and Propionibacterium acnes. The genome of V.
cholerae consists of two chromosomes with a pronounced
asymmetry in the distribution of coding elements with
respect to the replicons [43]. Most genes required for
growth and virulence are located on chromosome I,
whereas chromosome II contains a larger fraction of
hypothetical genes.

Interestingly, SIGI-HMM predicted 4.6% pA genes for
chromosome I and 21.1% pA genes for chromosome II.
Two predicted genomic islands on chromosome I com-
prise a gene cluster for a toxin-coregulated pilus (VC0813
– VC0845) and fragments of a temperate filamentous
phage (VC1455 – VC1457, VC1464, VC1477 – VC1481).
Both clusters are closely associated with the pathogenicity
of V. cholerae [44]. Many of the hypothetical genes
encoded on chromosome II are located within a large
integron island comprising gene products that might be
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involved in drug resistance, DNA metabolism and viru-
lence [43]. One of the predicted GIs on chromosome II,
which consists of genes VCA0283 – VCA0507, overlaps to
a great extent the integron described above. SIGI-HMM
identified two additional GIs comprising genes VCA0198
– VCA0202 and VCA0790 – VCA0797, which contain
homologs for putative transposases. As transposases are
often encoded in genetically mobile IS-elements, these
genes are likely candidates for alien genes. For both chro-
mosomes, SIGI-HMM predicts similar distributions of
putative donors. The largest fractions belong to the class
of bacilli (51% or 61%), whereas the taxonomical class of
V. cholerae, the J-proteobacteria, accounts for 34% or 37%
of all pA genes.

For B. subtilis, 10 integrated prophages have been reported
(see [4,45,46], and [47]), whose identification is based
either on experimental evidence or theoretical considera-
tions. A profound analysis of chromosomal heterogenei-
ties has been accomplished by Nicolas et al. [9], using a
HMM on the nucleotide level. All genomic islands identi-
fied by Nicolas et al. were largely confirmed by SIGI-
HMM. Both approaches detected nine of the putative
prophages and several other islands assigned to functions
in cell wall biosynthesis, competence and resistance. In
contrast to Nicolas et al., SIGI-HMM identified pA genes,
which belong to the experimentally reported integrated
prophage PBSX [47]. In summary, SIGI-HMM predicted
for B. subtilis 9.5% of the genes as being pA, most of them
originating from the class of bacilli (316 pA genes, 81%).

Based on a combination of parameters measuring compu-
tational complexity, Lawrence and Ochman [4] had esti-
mated that about 18% of the E. coli K-12 genome have
been imported via lateral gene transfer. In contrast, SIGI-
HMM predicted 580 (13.4%) pA genes which were mostly
organized in small clusters of less than ten genes. 521 pA
genes (92%) seem to originate from J-proteobacteria, the
taxonomical class E. coli belongs to. The largest GIs
included the cryptic prophages CP4-6 (262 – 297 kbp),
DLP12 (557 – 584 kbp), e14 (1,196 – 1,221), Rac (1,410
– 1,433 kbp), Qin (1,631 – 1,651 kbp), CP4-44 (2,064 –
2,069 kbp), CPS-53 (2,465 – 2,475 kbp), Eut (2,556 –
2,563 kbp), CP4-57 (2,752 – 2,775 kbp), and the phage-
like element KpLE2 (4,494 – 4,544 kbp) (for review see
[48]). 44 IS-elements have been annotated within the
genome of E. coli K-12, SIGI-HMM predicted 34 of them
correctly.

T. thermophilus is an extreme thermophilic bacterium liv-
ing as a halotolerant in an extreme ecological niche. Two
T. thermophilus strains, namely HB27 [45] and HB8 [46],
have been sequenced so far. SIGI-HMM predicted for both
strains a small fraction of pA genes (HB27 1.0%; HB8
1.7%). The largest pA cluster consists of 6 genes in case of

HB27 (TTC0277 – TTC0278, TTC0280 – TTC0283) and of
5 genes in case of HB8 (TTHA0644 – TTHA0648). The GIs
share no sequence similarity and contain genes that are
associated with functions in cell wall biosynthesis. Most
pA genes seem to originate from the class of the G-proteo-
bacteria (HB27 5 genes; HB8 18 genes). In both genomes
no donor was predicted for 12 pA genes, respectively.

It has been suggested that HGT plays an important role in
the evolution of the mesophilic archaeon M. mazei [49].
The analysis of protein sequences via BLAST showed that
31% of the archeal sequences were more similar to bacte-
rial than to archeal ones. SIGI-HMM predicted for M.
mazei only 8.4% pA genes. Please note that the two analy-
ses used different approaches for pA prediction and that
SIGI-HMM focuses on the analysis of GIs only. These sys-
tematic differences may explain the findings. Interestingly
and in agreement with the above analysis, only 21% of the
pA genes seem to originate from the archeal domain. 27%
of the pA genes were predicted to originate from the class
of shingobacteria, 23% from chlamydia and 11% from
clostridia. This finding is also in agreement with the pos-
tulated gene flux from mesophilic bacteria to mesophilic
archaea [27].

P. acnes is a major inhabitant of the adult human skin, liv-
ing in sebaceous follicles [50]. Usually the bacterium is
harmless; however it is involved in acne vulgaris forma-
tion. The genome harbors genes whose products are
involved in degrading host molecules and pore-forming
factors. It also contains surface-associated and other
immunogenic factors, which might be responsible for
acne inanimation and other P. acnes-associated diseases.
SIGI-HMM predicted 4.1% pA genes clustered in five
larger GIs and several smaller islands of less than five
genes. 47% (45 genes) of them are predicted to originate
from the D-proteobacteria, but only 13% (12 pA genes)
from the taxonomic class of P. acnes, the actinobacteria.
Interestingly, four of the larger GIs and two of the smaller
islands are flanked by tRNA-genes in direct or close vicin-
ity. tRNAs are considered to be hot spots for recombina-
tion events that can result in horizontal gene transfer.
SIGI-HMM found these anomalies although it does not
interpret sequences besides protein coding genes. Of the
larger GIs, the first (at position 28 – 34 kbp) contains
genes without functional assignment, the second (874 –
880 kbp) harbors genes for several transport systems
among others for iron(III)dicitrate (PPA0792 – PPA0794)
and the third (921 – 941 kbp) for an ABC-type transport
system (PPA0843 – PPA0845), putative conjugal transfer
proteins (PPA0846 – PPA0848) and two putative trans-
posases (PPA2354, PPA0858). The forth GI (1,390 –
1,407 kbp) contains a gene cluster for a putative non-
ribosomal peptide synthetase (NRPS) (PPA1287 –
PPA1290). NRPSs are involved in the biosynthesis of
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complex secondary metabolites. As many of the genes
clustered in the fifth GI (1,707 – 1,731 kbp) are annotated
as phage-associated proteins (PPA1593 – PPA1596,
PPA1604 – PPA1605), the GI may be attributed to an inte-
grated prophage.

For visualization of the HMM-based predictions we use
scatter plot repesentations providing an overview of
codon usage similarities between all genes of a genome.
By means of a newly developed kernel for measuring sim-
ilarity of codon usage tables [51], we perform a kernel
principal component analysis (see e.g. [52]) to compute
the resulting 2D coordinates of all genes. In that represen-
tation, nearby points indicate a similar codon usage of the
corresponding genes. It is important to note that the ker-
nel-based approach does not use any information about
the location of genes on the genome. Instead, codon usage
correlations between different amino acids are used to
derive the two-dimensional representation. This approach
is different from the concept of SIGI-HMM. Therefore, a
clustering of SIGI-HMM predicted pA genes which
becomes visible in the scatter plots (see Figure 2, 3, and 4)
confirms the corresponding predictions.

Figure 2 is a plot of all genes of the E. coli K-12 genome.
The general form resembles the "rabbit head" trimodal
shape described earlier for the genome of B. subtilis [53].
Most genes belonging to integrated prophages are located
in the lower left "ear". PHX genes are clustered in the
lower right corner.

T. thermophilus is one of the genomes with lowest pA con-
tent. The plot depicted in Figure 3 represents the genome
of T. thermophilus and has a quite specific shape. This find-
ing indicates that the overall shape of the plot is massively
modulated by the fraction of genes acquired via HGT. The

Kernel-based scatter plot visualization of SIGI-HMM predic-tions for V. cholerae (chromosome II)Figure 4
Kernel-based scatter plot visualization of SIGI-HMM predic-
tions for V. cholerae (chromosome II). Blue points (PUTAL) 
represent pA genes as predicted by SIGI-HMM, red points 
(PUTAL LIT) indicate predicted pA genes with additional evi-
dence from the current literature as described in the text. 
Yellow points (NATIVE / PHX) refer to genes which are pre-
dicted to be native or highly expressed.

Kernel-based scatter plot visualization of SIGI-HMM predic-tions for E. coli K-12Figure 2
Kernel-based scatter plot visualization of SIGI-HMM predic-
tions for E. coli K-12. Blue points (PUTAL) represent pA 
genes as predicted by SIGI-HMM, red points (PUTAL LIT) 
indicate predicted pA genes with additional evidence from 
the current literature as described in the text. Yellow points 
(NATIVE / PHX) refer to genes which are predicted to be 
native or highly expressed.

Kernel-based scatter plot visualization of SIGI-HMM predic-tions for T. thermophilusFigure 3
Kernel-based scatter plot visualization of SIGI-HMM predic-
tions for T. thermophilus. Blue points (PUTAL) represent pA 
genes as predicted by SIGI-HMM, red points (PUTAL LIT) 
indicate predicted pA genes with additional evidence from 
the current literature as described in the text. Yellow points 
(NATIVE / PHX) refer to genes which are predicted to be 
native or highly expressed.
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pA genes as predicted by SIGI-HMM are mainly located in
a long tail with low point density on the right hand side
of the plot.

As already mentioned, the genome of V. cholerae consists
of two chromosomes. Most essential genes are located on
chromosome I and codon usage of genes on chromosome
II is rather inhomogeneous. Again, the overall shape of
the plot, which represents chromosome II, reflects this sit-
uation (compare Figure 4) and shows a well-clustering
fraction of pA genes located in the lower left corner of the
plot. Please note that the positioning of pA genes pre-
dicted by SIGI-HMM only and those pA genes supported
by additional evidence from the literature corresponds to
a great extent in all plots.

Assessing the patchiness of GIs

Genomic islands are thought to be the result of constant
genetic rearrangement events, which account for their
observed mosaic structure. As these rearrangements could
also take place at hot spots for the integration of alien
DNA in the host genome, patches of genes having a codon
usage similar to the host have to be expected inside GIs.
This fact makes it difficult to determine the number of
false negatives, even in annotated GIs. The number of
false positives is difficult to deduce too, as it is hard to
proof that a stretch of pA genes has not been acquired via
HGT. In order to illustrate the problem and the patchiness
of GIs, we compare in more detail some predictions with
published findings.

Chromosome II of V. cholerae contains an integron island
of size 125.3 kbp, which includes genes VCA0271 to
VCA0491 [43]. Of these 214 genes, SIGI-HMM labels 188
as pA (87%), 1 as AT (atypical) and 25 as pN (putatively
native). SIGI-HMM did subdivide the integron island into
the following patches: VCA0271 – VCA0282 pN,
VCA0283 – VCA0286 pA, VCA0287 – VCA0291 pN,
VCA0292 – VCA0324 pA, VCA0325 – VCA0329 pN,
VCA0330 – VCA0379 pA, VCA0380 – VCA0385 pN,

VCA0386 – VCA0507 pA. From the remaining 611 genes
on the chromosome, 42 were predicted as pA.

The chromosome of Mesorhizobium loti consists of 6.725
protein coding genes. It contains a 611 kbp DNA segment
which is, as the authors put it, "a highly probable candi-
date of a symbiotic island" [3]. SIGI-HMM predicted
5.561 genes as pN, 1.161 (17%) as pA and 30 as AT. Of
the symbiotic island, 145 genes were pN, 421 pA (72%)
and 14 AT. The pA genes were clustered in 29 GIs ranging
in size from 2 to 108 genes.

As already mentioned, ten integrated prophages or
prophage-like elements were reported for the genome of
B. subtilis [9]. Five of these elements are flanked by
sequence repeats which we considered as the original inte-
grations sites indicating the actual borders of the GIs.
Table 2 summarizes composition and location of related
GIs predicted by SIGI-HMM. Skin prophage and P7 have
a mosaic structure and harbour | 50% pN genes. In four
of the five cases, the borders of the predicted GIs are in
good agreement with the location of the repeats.

Discussion
Analysis of codon usage reliably allows to identify most 

HGT events

We have to stress that our approach entirely relies on the
analysis of codon usage. SIGI-HMM does not interpret
additional signals like direct repeats or disrupted tRNA
sequences frequently flanking GIs. Therefore, the out-
come of the HMM analysis are DNA regions showing
atypical codon usage. This fact has two consequences: 1)
SIGI-HMM is unable to identify GIs having an unsuspi-
cious codon usage and 2) the rationale of naming these
stretches GIs merely depends on the correlation with bio-
logical findings.

However, we have shown that DNA regions identified by
SIGI-HMM as suspicious correspond to known cases of
horizontally transferred elements like phages. Our
approach of focusing on the analysis of codon usage is not
a completely new one. There exist several methods to
identify horizontally transferred genes. These approaches
rely on the analysis of codon or amino acid sequences or
the construction of phylogenetic trees. For a comparison
see e.g. [14]. Each approach has individual drawbacks and
it might be that each method identifies a specific class of
genes acquired in a different time of genome evolution
[13]. It was argued that codon usage is no reliable indica-
tor for the study of HGT [54]. However, it was shown that
related methods identify pA genes to a great extent [55].
The assumption that methods analyzing codon usage
might overlook horizontally acquired genes could be
valid for more ancient events. For these genes, the effect of
amelioration [56] might have rendered codon usage

Table 2: Prophages and prophage-like elements integrated into 

the genome of B. subtilis. Column 1 lists the elements flanked by 

sequence repeats. Column 2 gives the location of the repeats. 

Column 3 and 4 list the number of pA and pN genes predicted 

for these GIs by SIGI-HMM. The two last columns indicate the 

offset of the GI from the sequence repeats. An offset of -1 means 

that the GI predicted by SIGI-HMM starts (ends) one gene after 

(before) the repeat. Positions are as in [9] and given in kbp.

Element Repeats # pA # pN Offset Begin Offset End

P1 202 – 213 10 1 0 -1

P2 555 – 567 10 1 -1 0

P6 2050 – 2060 9 0 0 0

Skin 2654 – 2701 32 31 0 0

P7 2725 – 2735 7 6 -6 0
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unsuspicious. Lawrence and Ochman estimated the age of
imported genes [4]. Their conclusion was that most were
relatively recent, i.e. acquired within the last few million
years; see also [57]. This suggests that older imports have
been purged presumably because the acquired genes did
not improve fitness. If this argument is true, there is no
need to search for larger amounts of ancient pA genes.
Therefore, methods based on the analysis of codon usage
should have the potential of identifying a great fraction of
horizontally transferred genes. Low values of pA content
can frequently be explained with biological findings. It
was argued that species populating extreme ecological
niches tend to have relative small genomes [58]. The size
of the sequenced T. thermophilus genomes support this
notion. If selective pressure minimizes genome size, it will
also effect acquisition and conservation of foreign DNA.
The low fraction of pA genes determined for both strains
is in agreement with the above hypothesis.

The methods will fail at alien genes having a codon usage
undistinguishable from the host's preferences. Among
them might be ancient pA genes. Because of the ameliora-
tion process, ancient pA genes are harder to detect. These
pA genes, surviving the selection process may actually
constitute important and useful genes. In order to com-
plete the set of identified HGT events and to reduce the
number of false negatives, it will be necessary to use a
completely different approach like the construction of
phylogenetic trees.

If not processed correctly, highly expressed genes could be
a source for false positive predictions. It is known that
these genes show a distinct codon usage by preferring a
species-specific set of major codons. In order to reduce the
rate of false positive predictions, we use a filter which is
based on a method [30] shown to be effective in predict-
ing gene expressivity [31]. We have adjusted the parame-
ters (see Equation 4) in such a way that the errors of the
first and second kind are equally likely. Highly expressed
genes belong to the core of a genome and it is unlikely
that these genes are subject to HGT. Nevertheless, the user
may disable this filter in order to study its influence on GI
prediction.

Focusing on the prediction of GIs is biologically reasonable 

and reduces the risk of false predictions

Intrinsically, increasing the sensitivity of a test also
increases the risk of predicting false positives. For the pre-
diction of pA genes, the risk can however be minimized, if
an algorithm focuses on the prediction of genomic islands
as SIGI-HMM does. The pieces of DNA acquired via HGT
typically have a considerable length. Examples are the
symbiotic island of size 611 kbp described for the genome
of M. loti or the integron island of size 125 kbp found on
chromosome II of V. cholerae (see Results). Genes respon-

sible for pathogenicity are also agglomerated in islands;
see [2] and references therein. Therefore, a focusing on
predicting GIs rather than all pA genes is an appropriate
strategy to avoid false positives without missing relevant
HGT events. Consequently, this argument was considered
for the design of recently introduced algorithms [23,59].
However, the rate of false positive predictions will
increase, if codon usage of a genome is inhomogeneous.
To avoid this situation, it is important, to determine the
CSC of a genome.

Codon usage is a reliable indicator to predict the origin of 

pA genes

For each completely sequenced genome, we have com-
puted a variant of the CSC defined above; see [60]. It con-
sisted of those genes having a homogeneous codon usage.
The results obtained with the classification of genes from
CSCs show that codon usage hints at the origin of genes.
First tests indicate that prediction quality is high, as long
as the CSC contains at least 70% of the genes. In addition,
the results of performance tests (see [23]) carried out to
demonstrate SIGI's ability of predicting the putative
donor are also valid for SIGI-HMM.

Omelchenko et al. [61] used BLAST on the protein level to
determine HGT events in the genome of T. thermophilus
HB27. The protein sequences of many genes were similar
to those of hyperthermophilic archaea. Taxonomical clas-
sification of donors for genes constituting GIs predicted
by SIGI-HMM was rather inhomogeneous. The putative
donors belonged to bacteria, archaea and eukaryota. It
will be necessary to evaluate methods for pA prediction
with a standardized test bed. Artificial genomes as intro-
duced recently [62] may constitute the basis for such a val-
idation, which may lead to a contest of methods for pA
prediction.

Conclusion
An inhomogeneous HMM on gene level allows to identify
GIs in microbial genomes and to predict the putative
donor of horizontally transferred genes. The predictions
are consistent with known findings and do not depend on
the optimization of many parameters. Our implementa-
tion as a freely available tool written in Java allows an
independent inspection of genomes in great detail. The
genome-specific predictions can be used for further anal-
ysis or the comparison of several methods.
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Abstract

Background: For many types of analyses, data about gene structure and locations of non-coding

regions of genes are required. Although a vast amount of genomic sequence data is available,

precise annotation of genes is lacking behind. Finding the corresponding gene of a given protein

sequence by means of conventional tools is error prone, and cannot be completed without manual

inspection, which is time consuming and requires considerable experience.

Results: Scipio is a tool based on the alignment program BLAT to determine the precise gene

structure given a protein sequence and a genome sequence. It identifies intron-exon borders and

splice sites and is able to cope with sequencing errors and genes spanning several contigs in

genomes that have not yet been assembled to supercontigs or chromosomes. Instead of producing

a set of hits with varying confidence, Scipio gives the user a coherent summary of locations on the

genome that code for the query protein. The output contains information about discrepancies that

may result from sequencing errors. Scipio has also successfully been used to find homologous genes

in closely related species. Scipio was tested with 979 protein queries against 16 arthropod genomes

(intra species search). For cross-species annotation, Scipio was used to annotate 40 genes from

Homo sapiens in the primates Pongo pygmaeus abelii and Callithrix jacchus. The prediction quality of

Scipio was tested in a comparative study against that of BLAT and the well established program

Exonerate.

Conclusion: Scipio is able to precisely map a protein query onto a genome. Even in cases when

there are many sequencing errors, or when incomplete genome assemblies lead to hits that stretch

across multiple target sequences, it very often provides the user with the correct determination of

intron-exon borders and splice sites, showing an improved prediction accuracy compared to BLAT

and Exonerate. Apart from being able to find genes in the genome that encode the query protein,

Scipio can also be used to annotate genes in closely related species.

Published: 13 June 2008

BMC Bioinformatics 2008, 9:278 doi:10.1186/1471-2105-9-278

Received: 8 February 2008
Accepted: 13 June 2008

This article is available from: http://www.biomedcentral.com/1471-2105/9/278

© 2008 Keller et al; licensee BioMed Central Ltd. 
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/2.0), 
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

71



APPENDIX B. ARTICLE ABOUT SCIPIO

Background
In the post-genome era, sequence data is the entry point
for many studies. Often, it is essential to obtain the correct
genomic DNA sequences of eukaryotic genes because of
the information contained in non-coding regions. For
example, the intron regions contain important sites for
the regulation of gene transcription, like enhancers,
repressors, and silencers [1]. Transcription initiator
sequences are located upstream from the target gene [2].
The determination of the exon/intron structures of genes
is also important in comparative genomic analyses like
the identification of ancient exons [3].

Today, over 340 eukaryotic genome sequencing projects
have resulted in genome assemblies [4]. For many of these
project, genomic sequences of genes are only available by
ab-initio gene predictions, if at all. However, it has been
shown that automatically annotated sequences are often
wrong because of sequencing and assembly errors, and
mispredictions of exons and introns [5]. Correct protein
sequences have in many cases been derived from manual
annotation of the genes of interest or from full-length
cDNAs. But experimentally obtained cDNA sequences
often do not completely correspond to annotated genes,
for example because previously undescribed alternative
splice forms have been isolated. In many cases, it might
also be interesting to look at the genes of evolutionary
closely related species. If these species have not been
annotated yet, it is, however, very time-consuming to
identify and manually annotate the corresponding
homologous genes.

Currently, a few programs are available for the retrieval of
non-coding sequence. The Java application Retrieval of
Regulative Regions (RRE) parses annotation and homol-
ogy data from NCBI [6]. RRE requires local installation
and local copies of the desired genome and annotation
files. The web application of RRE only hosts a small
number of eukaryotic genomes and annotation data only
from NCBI. Recently, the non-coding sequences retrieval
system (NCSRS) has been published [7] that has 16
genomes and annotation data from both NCBI and
Ensembl [8]. In summary, both tools rely on annotation
files provided by NCBI and Ensembl, with all possible
errors, for only a few organisms. In addition, Ensembl and
the UCSC browser [9] allow to search for genes and to
recover any part of the gene of interest. When searching
with descriptive terms, accession numbers, or other search
terms the output is mainly based on results of gene predic-
tion programs, often supported by evidence from cDNA
or manual curation. Both web-interfaces also allow
searching the genomes with any protein query with either
BLAST or BLAT. However, the quality of the resulting gene
structure is limited by these programs. There are also fur-
ther species-specific genome pages that offer retrieving the

genomic DNA corresponding to search terms. But there is
no service offering the retrieval of the gene structures cor-
responding to protein queries of almost all sequenced and
assembled eukaryotic genomes.

If transcript or protein sequences are available, the task of
automatic identification of gene-related sequences can be
accomplished by spliced alignment tools much more
accurately and faster than, for example, by ab initio gene
prediction. Splign [10] is a program that aligns a cDNA
query determining the exact location of splice sites. Gene-
Wise [11] uses protein queries. The most notable tools
that can do both are Exonerate [12], partly based on the
algorithm used in GeneWise, and BLAT [13]. The suitable
variants of BLAST [14] (TBLASTN etc.) are probably still
the most widely used tools for the task, though they are
more useful for detecting weak homology and yield sepa-
rate contiguous hits rather than a single complete spliced
alignment. All approaches have in common a tradeoff
between high speed that can only be reached using heuris-
tics, and optimal accuracy that can only be achieved by
exact algorithms that are prohibitively slow for many
applications. Exonerate is very flexible as it implements a
variety of models to choose from in a particular setting.
BLAT is specialized on queries with high sequence similar-
ity, and is considered the fastest tool for this task.

An accurate protein spliced alignment tool is particularly
useful when a cDNA sequencing project precedes a
genome sequencing project. In those cases, protein
sequences can be constructed using the cDNA but the
genomic location of the exons and introns is yet
unknown. If the genome assemby is fragmented and
genes are split onto different contigs, then any gene-find-
ing or alignment method that considers each contig sepa-
rately makes insufficient use of the available protein
sequence information. Here, a spliced alignment should
take contig-spanning introns and exons into account for
maximal accuracy at the contig boundaries. Another
application scenario for accurate protein spliced align-
ment is the problem of annotating a new assembly of an
already annotated genome. Frequently, a complete re-
annotation is time-consuming as it often requires differ-
ent groups to run different gene finders and integrating all
available evidence. Simply mapping the previously
known protein sequences to the new genome is a fast and
easy alternative, at least for those genes that can be
mapped with 100% identity.

Some sequencing approaches sequence only filtered
genomic regions that are enriched for genes like the
methyl-filtrated sequencing or high-cot analysis used for
many plants (e.g. maize and tobacco). In these cases the
assembly will remain fragmented and many genes are
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split up onto different contigs, requiring that a spliced
alignment tool takes this fragmentation into account.

Here, we present Scipio, a tool for the retrieval of the
genome sequence corresponding to a protein query. It
uses BLAT to perform a spliced alignment that results in a
list of candidate hits, which are then refined, filtered and
assembled to produce a prediction as accurate as possible.
No annotation data is required, and genes are identified
correctly even if they span several genome contigs, and
contain mismatches and frameshifts. With these capabili-
ties, Scipio is not only able to correctly identify the gene
in the genome corresponding to the protein query but
also to identify homologous genes in the genomes of
closely related organisms. Moreover, it provides a compre-
hensive output, both machine- and human-readable,
already containing the genomic sequences searched for.

Implementation
In most instances, the task of determining the gene struc-
ture of a query protein within a DNA target sequence is a
special case of the search for a spliced alignment. Since
several tools performing this task have already been avail-
able for a long time, writing another one would mean
reinventing the wheel. Our choice was to depend on a
BLAT search.

However, in the example of BLAT, when performing a
search for the protein in the translated DNA, the output
does not coincide with the exon structure of a single gene.
Usually, multiple hits are found for each query, varying in
accuracy, and exon boundaries are given only on amino
acid level, missing those codons that are split by introns.
Hence, manual processing was still needed until now in
the majority of cases to determine the exact location of the
query. In cases where the genomic sequence is in an early
stage of the assembly process, several parts of one particu-
lar gene are often found on different target sequences
(contigs), making this task very tedious and time consum-
ing.

The Scipio script

We designed the perl script Scipio to automate this proc-
ess and output the results in both human- and machine-
readable output formats [see Additional file 1]. The sum-
mary of the process is depicted in the diagram in Fig. 1.
We chose to run BLAT to provide us with the spliced align-
ments because it is specialized for the case of high
sequence identity, which is obviously the case when locat-
ing genes of the same species (where mismatches are
mainly due to sequencing errors), but it turned out to be
very applicable also for the case of closely related species.

Stage one: hit refinement

After running BLAT, Scipio processes the query protein
and target DNA sequences, and the file containing the
BLAT hits. In the first stage, each hit is then "refined" by a
number of steps. A BLAT hit is a collection of consecutive
matchings of the protein sequence aligned to the trans-
lated DNA. We do not want to include hits with low qual-
ity. Therefore, everything with an accuracy below a given
threshold is discarded at this stage. The refinement then
consists of the following steps:

• Unaligned parts of the target sequence between the
matchings that form a BLAT hit are analysed. A hit is only
likely to be considered if they consist of a longer piece of
DNA corresponding to at most one residue of the query,
so they can be regarded as introns. Scipio tries to deter-
mine the exact location of the splice site by looking for a
known splice site pattern (see below). This way, codons
that are split by an intron, and are only joined after splic-
ing, can be revealed. In cases where all residues are aligned
by BLAT but a splice site pattern is missing, Scipio tries to
improve the prediction by shifting the splice sites in single
nucleotide steps. If an exact location can not be found, a
heuristic is used to determine a trade-off between the
number of additional mismatches and the presence of the
splice site pattern.

• In addition, two more types of unaligned target
sequence are distinguished: First, actual gaps with signifi-
cant parts of the query sequence unaligned (mostly due to
low coverage of sequencing resulting in gaps between con-
tigs represented by contiguous N's in supercontigs/chro-
mosomes). Second, short gaps resulting from sequencing
and assembly errors leading to additional or missing
bases or codons, with or without a frameshift. Additional
DNA in this case is not interpreted as intron an but as a
sequence shift of the query against the target.

• Scipio tries to locate very short exons where the BLAT hit
misses parts of the query sequence. This is done by simple
pattern matching. Thus only pieces with full identity are
added. Terminal exons are added only when an intact
splice site is found.

The filtering during the first stage ensures that nothing
will be shown that cannot be regarded as a good match. If
no hit is left after filtering, Scipio simply considers the
gene non-existent in the target sequence, and no further
processing is done.

Stage two: hit filtering and assembly

All BLAT hits that survive the first stage are subsequently
filtered in the second stage to determine those that form
the gene corresponding to the protein query. If only com-
plete chromosomes were considered, one could expect a
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single optimal BLAT hit coinciding with that gene; how-
ever, in cases without a complete assembly, partial hits on
different targets need to be taken into account.

First, all hits are sorted by a score proportional to the
number of matches, with a penalty subtracted for each
mismatch. Second, all incompatible hits are discarded in
the order just determined. Hits are incompatible if their
queries overlap but their targets do not. An exception is
the complete identity on DNA level at the ends of two
contigs. This could result from an incomplete assembly,
and the possibility of an overlap is taken into account. At
the end of this step, we come out with a small number
(usually just one) of non-overlapping hits forming the
best gene candidate.

The final part of stage two is another refinement step: by
assembling multiple hits, sequence parts may have been
identified as parts of an intron that is split on different tar-
gets, the first half at the end of one target, the second at the
beginning of the next. After the assembly Scipio uses the
same method as in stage one to determine the exact splice
site locations.

Output

The output contains target names, and location coordi-
nates (genomic and protein) of all features: introns,

exons, and gaps; exons can have sub-features: sequence
shifts, mismatches, or undetermined positions. In addi-
tion, it contains the genomic DNA for all regions (includ-
ing up- and downstream of the hit) and the translation of
the coding sequence.

For the output format we defined two essential require-
ments: Human readability and machine readability. We
chose YAML as it is a format that is complex enough to
express our data structures and at the same time simple
enough to be human readable and editable. YAML can be
parsed easily and has numerous bindings to any modern
programming language. The resulting native data struc-
tures can be used to further process the data generated by
Scipio.

Conversion tools

Scipio provides two tools to convert YAML files:

• yaml2log: Converts YAML files into an easily readable
log file with summary information about the results and
clearly arranged sequence alignments.

• yaml2gff: Converts YAML files into GFF Format which
can be read by a wide range of genome-related software
packages.

Results and discussion
In many biological studies, protein sequences have been
obtained by isolating mRNAs and sequencing the reverse-
transcribed cDNAs. Also, large-scale cDNA sequencing
projects resulted in thousands of supposed-to-be full-
length cDNA sequences for some eukaryotes [15,16]. Pro-
tein sequences might have also been obtained by manual
annotation. Sets of genomic DNA sequences of genes exist
for some annotation projects. However, for many eukary-
otic sequencing projects, the annotation process is lacking
years behind the sequencing and assembly. In addition,
experimentally obtained cDNA sequences often differ
from annotated sequences because new alternatively
spliced forms have been isolated. Therefore, for subse-
quent studies it might be useful or crucial to obtain the
genomic DNA and the gene structure corresponding to the
protein of interest.

Scipio has been designed for this task, and based on its
differentiated processing capabilities it is able to cope
with genes spanning multiple contigs as well as various
kinds of sequencing and assembly errors. Scipio has been
developed for the correct identification of eukaryotic
genes. It can also be used for bacterial and archaeal genes
although these genes are easily identified manually based
on their simple single-exon structure. Depending on the
similarity of the protein sequences, Scipio is also often

The Scipio workflowFigure 1
The Scipio workflow. This diagram depicts the data flow 
of a Scipio run. Scipio needs two FASTA files as input, one 
containing the protein query and one containing the genome 
sequence. Scipio starts BLAT and processes the BLAT results 
in a series of steps, successively refining and assembling the 
hits. Scipio's output is a YAML file, which can further be con-
verted into a GFF file or a log file. YAML files can also be 
manually edited and read by a parser of which many exist for 
all modern programming languages. The resulting data struc-
ture can then be further processed.
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Further Processing

Hit Extension

Gap Closing

Intron Border Re nement YAML le

GFF File

Log File

Signi cance Filtering

Sorting

Intron Border Re nement
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able to correctly identify homologous genes in closely
related organisms.

We have implemented the following features:

A. If the query is distributed on several targets, the target
contigs will be assembled guided by the alignments to the
query. Untranslated regions from the last exon on a contig
to the contig end and from the beginning of the next con-
tig to the next exon are regarded as intronic. Scipio is also
able to resolve overlapping contig ends if they consist of
coding sequence, hence contributing to an improvement
of the assembly.

B. The yaml2log script identifies cases from a list of align-
ment discrepancies and mismatches between query and
target sequence that can result from sequencing/assembly
errors (Figure 2). The simplest case is that amino acids dif-
fer (cases 1 to 3), or that they are missing in either the tar-
get or the query (cases 4 and 5). Sequencing/assembly
errors may lead to additional or missing bases. These
frameshifts are represented by an X in the translation cor-
responding to one or two nucleotides. The query sequence
might have either been obtained from cDNA sources thus
leading to a mismatch between query and translated tar-
get (cases 6, 8, 10, and 12), or the sequencing errors might
have already been interpreted represented by an X in the
query (cases 7, 9, 11, and 13). The target sequence might
also contain in-frame stop codons (cases 14 to 17). These
can be the result of sequencing errors or real stop codons
as they appear in pseudogenes. In all these cases, the stop
codon is shown as an asterisk ('*') in the translation.

C. Scipio interprets splice site patterns to determine intron
locations. Exons borders are chosen so that the splice sites
belong to one of the following classes, in decreasing pri-
ority: GT-AG, GC-AG, AT-AC, GA-AG, GG-AG. In cases
where the translation of the adjacent intronic sequence
was identical to the query, it was necessary to shift the
intron location predicted by BLAT by several codons to
determine the splice site location.

D. Scipio searches for stop codons at the end of genes.
This helps evaluating the completeness of the query
sequence.

E. Scipio tries to locate very short exons that are not recog-
nized by BLAT. These short exons might either appear in-
between longer exons or at the ends of the gene. For exam-
ple, very often genes start with an N-terminal methionine
that is the only translated codon in the first exon. Scipio
locates N-terminal methionines only if matching splice
sites are found.

Insect genomes

To develop and test Scipio we used a test set of 16 arthro-
pod genomes and a set of 979 proteins (Figure 3). The
genome sequences (the newest collections of contigs as
submitted to NCBI) differ in quality and completeness
and are thus representative for straight-forward and for
difficult identifications of the genes.

Drosophila melanogaster is an example of a perfect genome
sequence with all reads assembled to chromosomes and
almost all gaps closed. Bombyx mori p50T was used as
example for a very preliminary assembly with many short
contigs. The other genome sequences represent all stages
in-between these extreme cases. For example, the
genomes of Drosophila persimilis and Drosophila sechellia
are quite complete which is visible from their number of
contigs, but they have a low sequence coverage and/or
contain many sequencing errors leading to high numbers
of mismatches and frameshifts in the identified genes
(Figure 3). In total, almost all query sequences have been
identified correctly by Scipio (90.9 %), although many are
spread on several target contigs (e.g. see Aedes aegyptii and
Culex pipiens). 4.7 % of the genes have correctly been iden-
tified but the target DNA sequence contains sequencing or
assembly errors. Another 1.7 % has not completely been
found with the standard BLAT settings (BLAT tilesize of 5)
because these genes contain very short exons. After chang-
ing the BLAT tilesize to 3 or 4 these genes have also com-
pletely been identified. Further 1.7 % of the genes could
not be identified correctly, because the query sequence
has been derived from manual annotation thus having
incorporated EST data, data from other genome assem-
blies (e.g. newer data from the sequencing centers), or
errors in the manual annotation process. E.g., the Bombyx
mori p50T genome data is very incomplete but a lot of EST
data is available. Thus, the query protein sequences have
been built to a large part on these EST data. EST data has
also been used to close gaps in the Apis mellifera and Dro-
sophila virilis genomes. Errors resulting from this process
are not due to problems in the implementation of Scipio.
Two sequences (0.2 %) could not be identified correctly,
because the genome sequences shows an large number of
sequencing errors resulting in a succession of frame shifts
in this particular region. The query protein sequences
have correctly been identified based on EST data. The
remaining 7 sequences (0.7 %) contain very long overlap-
ping regions due to problems in the genome assemblies.
Currently, Scipio handles overlapping hits by choosing
the one with the higher overall score, in some cases dis-
carding the one with fewer mismatches in the overlap
region. The other cases in which Scipio did not resolve the
complete gene structure are those, where a frame shift
exists very close to an intron border. BLAT does not
include the stretches past the frameshifts since they are
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Types of discrepanciesFigure 2
Types of discrepancies. This chart lists all types of discrepancies between the protein query and target translation/DNA that 
are known to Scipio. The identifiers as written into the log files are given.

1: mismatch
gDNA        AAA ttt GGG
translation  K   F   G
             |   X   |
query        K   A   G

2: undetermined query
gDNA        AAA ttt GGG
translation  K   F   G  
             |       |
query        K   X   G 

4: additional codon in target
gDNA        AAA ttt GGG
translation  K   F   G
             |       | 
query        K   -   G

6: frameshift (+1) target only
gDNA        AAA t-- GGG
translation  K   X   G
             |       |
query        K   -   G

8: frameshift (+2) target only
gDNA        AAA tt- GGG
translation  K   X   G
             |       |
query        K   -   G

10: frameshift (-2) target only
gDNA        AAA t-- GGG
translation  K   X   G
             |       |
query        K   A   G

12: frameshift (-1) target only
gDNA        AAA tt- GGG
translation  K   X   G
             |       | 
query        K   A   G

14: stopcodon target/query
gDNA        AAA tag GGG
translation  K   *   G
             |   |   |
query        K   *   G

16: stopcodon, undetermined query
gDNA        AAA tag GGG
translation  K   *   G 
             |       |
query        K   X   G

3: undetermined target
gDNA        AAA nnn GGG
translation  K   X   G
             |       |
query        K   A   G

5: unmatched query 
gDNA        AAA --- GGG
translation  K   -   G
             |       |
query        K   A   G

7: frameshift (+1) target/query
gDNA        AAA t-- GGG
translation  K   X   G
                     |
query        X   -   G 

9: frameshift (+2) target/query 
gDNA        AAA tt- GGG
translation  K   X   G
                     |
query        X   -   G

11: frameshift (-2) target/query 
gDNA        AAA t-- GGG
translation  K   X   G
             |       | 
query        K   X   G

13: frameshift (-1) target/query
gDNA        AAA tt- GGG
translation  K   X   G
             |       |
query        K   X   G
 
15: stopcodon, target only
gDNA        AAA tag GGG
translation  K   *   G
             |   X   |
query        K   D   G

17: additional stopcodon
gDNA        AAA tag GGG
translation  K   *   G 
             |       | 
query        K   -   G
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smaller than the tile size used for searching. Scipio was
not able to place the missing residues between the exons.

Cross species search

To test the ability of Scipio to correctly predict ortholo-
gous genes in closely related organisms we have anno-
tated the myosins in the recently assembled primates
Pongo pygmaeus abelii and Callithrix jacchus [17]. As a
query, we used the 40 manually annotated myosins from
Homo sapiens [5], which can be obtained from CyMoBase
[18,19]. Although the genome assembly is not complete
and most of the sequencing/assembly errors described
above have been seen, Scipio correctly predicted and iden-
tified most orthologs of the human myosins in the two
primates and located all parts of the genes if they were dis-
tributed on several target contigs, It also correctly identi-
fied two rare splice sites (AT-AC and GG-AG) that are
specific for vertebrate sequences in two myosin classes. In
the tails of the class-15 and class-35 myosins very small
and divergent gaps had to be filled manually.

Figure 4A, shows the completeness compared to the
sequence of the human ortholog and demonstrates the
incompleteness of the genome sequences of Pongo pyg-
maeus abelii and Callithrix jacchus. Figure 4B and 4C show
how gene completeness as determined by manual annota-
tion depends on sequence identity. Exceptionally low val-
ues are largely due to gaps in the genome sequence (see
Figure 4A), values exceeding 100% are due to stretches in
homologous genes that were found by Scipio. Compari-
son between Figure 4B and 4C illustrates how a more
thorough search can improve the recognition accuracy of
'difficult' genes (e.g. genes with very short exons) but at
the same adds false positive exons to genes.

Comparison with existing tools

To assess the improvement on prediction quality that
Scipio achieves, a comparative study was carried out with
a selection of genomes varying in size and quality of
assembly (Table 1). Running Scipio, standalone BLAT,
and Exonerate, a number of myosin and kinesin queries
were searched for in these genomic sequences.

Table 2 shows the accuracy on amino acid level. The
improvement over BLAT is mainly due to the identifica-
tion of split codons at intron boundaries. BLAT is only
able to align unbroken codons, but will predict split
codons as (false) matches whenever the splice site
matches the query sequence. By the postprocessing, Scipio
was able to reduce the number of residues missed by BLAT
(including false positives) from 2.16 % to 1.67 %.
Depending on the quality of the genomic sequences
(some of which contained frameshifts, undetermined
nucleotides, or even lacked larger parts), this is already the
best that can be achieved theoretically; in the example of

Drosophila melanogaster where complete chromosomes
were available, 100 % of the residues could be matched.

Exonerate is able to find introns with exact boundaries.
Hence, its accuracy is somewhat higher than BLAT's. How-
ever, in our setting, Exonerate had running times of about
three to ten times longer than Scipio. Scipio adds less than
ten percent to BLAT's running time.

It is important to note that manual postprocessing of
BLAT's and Exonerate's results was used to gain compara-
ble values: while BLAT and Exonerate come out with a col-
lection of possibly overlapping hits with strongly varying
accuracy, Scipio is able to filter and assemble non-over-
lapping partial hits on multiple targets together to a single
prediction for each query sequence. This additional fea-
ture of Scipio had to be emulated by manually choosing a
collection of best-scoring hits without large overlaps, and
adding up the numbers of matches found, from the out-
puts of the two other programs.

In the case of a genome in a very early stage of assembly
(here: the silkworm Bombyx mori), this assembling of hits
increased the number of matching residues found to 92 %
from 64 % which would be found taking only a single hit
for each query. In the genome of Macaca mulatta, although
target sequences were complete chromosomes, Exonerate
still failed sometimes to return a single hit comprising the
entire query sequence, and hence assembling of partial
hits increased the number of residues found here, too.
Manual inspection showed that Scipio produced false
positives in rare cases when it rather had declared the gene
not present in the target sequences. 248 residues (equal-
ing 2 % of the missing residues, or 0.04 % of all)
accounted for false exons.

The results on sequence level (Table 3) show strikingly
how much the workload for manual postprocessing is
reduced by Scipio, given that every sequence not matched
completely will have to be looked at again, and align-
ments marked as completed (without mismatches, miss-
ing codons, sequence shifts or doubtful splice site
patterns) will not.

While BLAT was unable to yield a complete prediction
including the correct splice site locations in 95 % of the
query sequences, Exonerate, by modeling introns, did bet-
ter but would still fail to give a complete prediction in
about half of the queries, even when partial hits were
combined manually. The reason why assembling hits
does not improve the number of completed queries is that
in cases when a genomic sequence (e.g., a contig) ends in
the middle of an intron, Exonerate will not use the intron
model. Instead, at the cost of mismatches, the alignment
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In-Species PerformanceFigure 3
In-Species Performance. This chart shows Scipio's performance when searching in-species. The charts shows histograms 
depicting how many sequences where found on a particular number of contigs in the genome. Black rectangles represent ten, 
grey ones five and white ones single sequences. 'Complete' means the queries where found without discrepancies. 'Complete 
(mm/fs)' means that Scipio found the complete gene without gaps but with discrepancies like mismatches or framshifts. 'Incom-
plete' means that Scipio could not determine the complete gene structure with standard parameters.

Species    Contigs Queries Complete  Complete(mm/fs) Incomplete

Complete

1 Sequence

5 Sequences

10 Sequences

Complete with changed parameters

Query from different source

Poor genome sequence

Found with gaps

Incomplete

6 74 51 2 3 6 74 51 2 3 6 74 51 2 3

Aedes aegypti  36206 59  55 / 93.2%  0 / 0%   4 / 6.8%

6 74 51 2 3 6 74 51 2 3 6 74 51 2 3

Anopheles gambiae   69724 58  54 / 93.2%  2 / 3.4%  2 / 3.4%

6 74 51 2 36 74 51 2 3 6 74 51 2 3

Bombyx mori p50T   213289 12  5 / 41.7%  1 / 8.3%  6 / 50.0%

6 74 51 2 36 74 51 2 3 6 74 51 2 3

Culex pipiens quinquefasciatus 48671 59  48 / 81.4%  7 / 11.9%  4 / 6.8%

6 74 51 2 36 74 51 2 3 6 74 51 2 3

Drosophila ananassae 20550 56  54/ 96.4%  1 / 1.8%  1 / 1.8%

6 74 51 2 36 74 51 2 3 6 74 51 2 3

Daphnia pulex  9080 56  54 / 96.4%   0/ 0.0% 2 / 0.36%

6 74 51 2 36 74 51 2 3 6 74 51 2 3

Drosophila erecta   7621 67  65 / 97.0%  1 / 1.5%  1 / 1.5%

6 74 51 2 36 74 51 2 3 6 74 51 2 3

Drosophila grimshawi  24168 67  62 / 92.6%  3 / 4.5%  2 / 29.9%

6 74 51 2 36 74 51 2 3 6 74 51 2 3

Drosophila melanogaster  6 111  110 / 99.1%  0 / 0%   1 / 0.9%

6 74 51 2 36 74 51 2 3 6 74 51 2 3

Drosophila mojavensis  11884 62  59 / 95.2%  2 / 3.2%  1 / 1.6%

6 74 51 2 36 74 51 2 3 6 74 51 2 3

Drosophila persimilis  26813 65  52 / 80.0%  9 / 13.8%  4 / 6.2%

6 74 51 2 36 74 51 2 3 6 74 51 2 3

Drosophila sechellia   21425 66  51 / 77.3%  13 / 19.7%  2 / 3.0%

6 74 51 2 36 74 51 2 3 6 74 51 2 3

Drostophila virilis  18402 64  58 / 90.6%  1 / 1.6%  5 / 7.8%

6 74 51 2 36 74 51 2 3 6 74 51 2 3

Drosophila yakuba   13496 64  63 / 98.4%  0 / 0%   1 / 1.6%

6 74 51 2 36 74 51 2 3 6 74 51 2 3

Pediculus humanus corporis 8555 55  47 / 85.5%  6 / 10.9%  2 / 3.6%

total     695359 979  890 / 90.9%  46 / 4.7%  43 / 4.4%

17 / 1.7%

17 / 1.7%

2 / 0.2%

7 / 0.7%

6 74 51 2 3 6 74 51 2 3 6 74 51 2 3

Apis mellifera  18943 58  53 / 91.4%  0 / 0%   5 / 8.6%
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Cross-Species PerformanceFigure 4
Cross-Species Performance. This chart shows Scipio's performance when searching cross-species. The charts show the 
dependency of the completeness of the gene reconstruction on the identity of the protein sequences. Red dots show searches 
with human sequences against the genome of Pongo pygmaeus abelii, black dots show searches with human sequences against 
the genome of Callithrix jacchus. A: Completeness compared to the query sequence. B: Completeness compared to the manu-
ally annotated sequence. A BLAT tile size of 7 was used. C: As in B, but with tile size 5.
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is extended into the intron, yielding false boundaries and
consequently, a false prediction.

In the case of D. melanogaster, where Scipio completely
recovers all 38 query sequences, Exonerate misses five
short exons; while these account only for 0.05 % of all res-
idues, it reduces its rate of success on sequence level to 33
of 38, or 86.8 %.

These results show that Scipio, apart from providing a
more detailed and well arranged output, can improve the

prediction rate to 100 % by searching for short exons. In
the case of fragmented genomes, the feature of hit assem-
bly significantly improves the chances of retrieving the
complete genomic sequence belonging to a protein query.

Future plans

The primary aim of the upcoming version of Scipio is to
eliminate false positive predictions and to close more gaps
still left in the prediction.

Table 1: Sequences tested in comparative analysis.

Species typ. target size (kbp) # of target sequences # of query sequences

Bombyx mori p50T 2.8 213 289 8

Drosophila simulans 9.4 31 198 37

Bombyx mori str. Dazao 14 66 482 32

Nasonia vitripennis (contigs) 27 26 605 35

Nasonia vitripennis (scaffolds) 1 827 6 181 35

Drosophila sechellia 70 21 425 38

Aedes aegypti 113 36 206 40

Daphnia pulex 825 9 080 42

Anopheles gambiae 6 969 69 724 37

Drosophila melanogaster 21 575 13 38

Aspergillus niger 2 409 143 15

Homo sapiens 153 287 24 40

Macaca mulatta 150 724 22 40

A list of 9 insect, one fungi, and two primate genomes, searched for kinesin and myosin genes to compare the performance of Scipio with that of 
BLAT and Exonerate. Genomic target sequences were taken from different stages of assembly, as can be seen from the different typical target sizes 
(D. melanogaster, H. sapiens and M. mulatta were given as sets of complete chromosomes; of the genome of N. vitripennis, two versions were 
compared; the genome of A. gambiae was given partly in chromosomes, partly in small contigs). The protein query sequences were taken from the 
same species as the genome.

Table 2: Percentage of residues left unmatched.

BLAT Exnrt. BLAT Exnrt.

Species Scipio (automatic assembling) with manual assembling without assembling

Bombyx mori p50T 15.03 15.41 17.03 43.61 43.64

Drosophila simulans 7.11 7.44 8.14 31.83 30.33

Bombyx mori str. Dazao 7.93 8.43 7.86 36.09 36.38

Nasonia vitripennis (contigs) 0.20 0.60 0.45 10.17 9.38

Nasonia vitripennis (scaffolds) 1.11 1.50 1.38 3.70 3.89

Drosophila sechellia 0.11 0.45 0.95 9.05 10.14

Aedes aegypti 0.73 1.01 0.21 10.43 10.22

Daphnia pulex 1.26 1.84 1.33 1.84 1.88

Anopheles gambiae 0.02 0.31 0.26 0.31 0.63

Drosophila melanogaster 0.00 0.32 0.05 0.32 0.05

Aspergillus niger 0.01 0.18 0.08 0.18 2.63

Homo sapiens 0.06 0.92 0.10 0.92 0.10

Macaca mulatta 2.29 3.09 2.31 3.09 7.82

total 1.67 2.16 1.87 8.24 8.71

The percentage of residues of the query sequences that the compared tools failed to recover from the target sequence. To gain comparable results, 
the hits proposed by BLAT and Exonerate were assembled together manually: a collection of best-scoring non-overlapping hits was chosen for each 
query. The last two columns show the results if only the best-scoring hit for each query was used.
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Eukaryotic genes contain far more information than is
encoded in the sequence of one expressed protein. Most
of this information is contained in the untranslated
regions. Therefore, our future developments will focus on
analyzing the untranslated regions to provide the user
with additional gene-related information. Thus, Scipio
will be developed to identify untranslated exons and, in
addition, to determine mutually exclusive exons, and
other alternatively spliced exons.

A web interface for Scipio is currently under development
to address a wider audience and to make Scipio more
user-friendly.

Conclusion
Scipio is a tool for the determination of gene structure and
annotation of genes for a given protein sequence. Based
on the widely used program BLAT, it performs exhaustive
processing to ensure the best possible mapping of the pro-
tein onto the genome. By the ability of assembling partial
hits ranging over multiple target sequences, Scipio goes
beyond the scope of present spliced alignment tools and
presents the user with a coherent set of matches that are
often accurate to the level of single bases. Having a certain
level of tolerance, Scipio can handle mismatches and
frameshifts that often result from sequencing errors in
genomes and cDNA. The same tolerance can be used to
track down homologous genes in closely related species,
allowing for cross-species annotation.

Availability and requirements
Project name: Scipio

Project home page: http://www.webscipio.org

Operating system: Platform independent

Programming language: Perl

Software requirements: Installation of BLAT and BioPerl.

Hardware requirements: BLAT may demand several times
the genome size in RAM. If the RAM size is limiting, the
most reasonable way is to split the genome and run Scipio
against the split files.

License: Scipio may be obtained upon request and used
under a Creative Commons License.

Any restrictions to use by non-academics: Using Scipio by
non-academics requires permission.

Abbreviations
BLAT: BLAST like alignment tool; YAML: YAML ain't
markup language.
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Table 3: Percentage of perfectly aligned queries.

BLAT Exnrt. BLAT Exnrt.

Species Scipio (automatic assembling) with manual assembling without assembling

Bombyx mori p50T 25.0 0.0 25.0 0.0 12.5

Drosophila simulans 37.8 2.7 21.6 2.7 16.2

Bombyx mori str. Dazao 15.6 3.1 12.5 0.0 9.4

Nasonia vitripennis (contigs) 71.4 11.4 57.1 11.4 54.3

Nasonia vitripennis (scaffolds) 68.6 11.4 65.7 11.4 65.7

Drosophila sechellia 63.2 7.9 55.3 2.6 55.3

Aedes aegypti 87.5 7.5 52.5 7.5 50.0

Daphnia pulex 88.1 0.0 76.2 0.0 76.2

Anopheles gambiae 94.6 8.1 73.0 8.1 73.0

Drosophila melanogaster 100.0 10.5 86.8 10.5 86.8

Aspergillus niger 86.7 6.7 73.3 6.7 73.3

Homo sapiens 62.5 0.0 50.0 0.0 50.0

Macaca mulatta 12.5 0.0 10.0 0.0 10.0

total 64.5 5.5 51.7 4.8 50.3

The number of query sequences that were predicted by the programs exactly at the correct location, with 100 % matching residues, without 
frameshifts or false positives. This figure reveals the amount of workload needed for manual postprocessing of the hits.
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ABSTRACT
Motivation: As improved DNA sequencing techniques have in-
creased enormously the speed of producing new eukaryotic genome
assemblies, the further development of automated gene prediction
methods continues to be essential.

While the classification of proteins into families is a task heavily
relying on correct gene predictions, it can at the same time provide a
source of additional information for the prediction, complementary to
those presently used.
Results: We extended the gene prediction software AUGUSTUS by
a method that employs block profiles generated from multiple se-
quence alignments as a protein signature to improve the accuracy of
the prediction. Equipped with profiles modelling human Dynein Heavy
Chain (DHC) proteins and other families, AUGUSTUS was run on
the genomic sequences known to contain members of these fami-
lies. Compared both to AUGUSTUS’ ab-initio version and Genewise
in HMM mode, the rate of genes predicted with high accuracy showed
a dramatic increase.
Availability: The AUGUSTUS project webpage is located at
http://augustus.gobics.de, with the executable program as well as the
source code available for download.
Contact: keller@cs.uni-goettingen.de,
mario.stanke@uni-greifswald.de

1 INTRODUCTION
With ever faster and cheaper sequencing techniques, the amount
of available nucleotide sequence data is growing rapidly. In com-
parison, the processof accurately annotating the generated data is
still lagging far behind. Fully automated annotation is essential here
as the sheer amount of data makes manual inspection, even as a
secondary step, impossible onthewhole. Thus, improving genepre-
diction tools that perform automated annotation of protein-coding
regions as accurate as possible is becoming increasingly impor-
tant for the generation, for example, of the corresponding protein
sequencedata.

∗to whom correspondenceshould be addressed

In eukaryotes, the computational identification of the gene struc-
ture(in simplifi ed terms, thelocationsof theprotein-coding exonsin
a nucleotide sequence) is a complex and error-prone task. The most
direct approach is pursued byab-initio methodsthat do not need any
input but the genomic target sequenceitself . Commonly, sequences
are considered the result of a random process, and the outcome is
thegenestructure that is most likely to randomly producethe target
sequence. Parameters for the underlying probabilistic model, often
a Generalized Hidden Markov Model, are derived from a training
set of gene structures verified as accurate. As in any probabilistic
approach, the prediction accuracy is limited already by constraints
inherent to themodel, even if it is aperfect description of thedata.

In order to overcome these theoretical bounds, it is necessary to
employ extrinsic sources of information that give hints whether an
interval of the sequenceis, for example, a coding exon. These gene
finding methods are usually based on alignments with informant
sequences: comparative methods make use of similarities with the
DNA of closely related species, transcript-based methods map se-
quencesto thetarget genomethat areknown tobe expressed (suchas
ESTsor RNA-Seq) while homology-based methodstry to map tran-
scriptsof related genes. Current approachescombinethesemethods,
some including an ab-initio gene prediction. Gene structures found
by these methods are the starting point for the pipelines generating
reference annotations for genomes (Harrow et al., 2009).

RNA-Seq (transcriptome sequencing with next-generation se-
quencing methods, Metzker, 2010) promises major advances for
gene finding; however, currently the accuracy of RNA-Seq based
gene prediction suffers from mapping ambiguities and partially
contained introns, especially in complex genomes.

Homology-based gene predictors, such as Genewise (Birney
et al., 2004) and Exonerate (Slater and Birney, 2005), can deter-
mine gene structures by mapping a single protein sequence to the
target genome, otherslikeProjector (Meyer andDurbin, 2004) com-
binehomology-based andcomparative approaches. Cui et al. (2007)
presented a combined homology-based and comparative gene find-
ing method that extends theprediction beyondthehomologous part
to a completegene structure but requires an established gene struc-
ture for the informant sequence. Protein queries highly identical to
the target sequence can be mapped with BLAT (Kent, 2002); the
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software Scipio (Keller et al., 2008) can refine amapping provided
by BLAT such that the precise exon-intron structure of a gene is
automatically recovered from thequery.

The gene prediction program AUGUSTUS (Stanke and Waack,
2003) is able to incorporate hints from external sources to combine
them with an ab-initio prediction (Stankeet al., 2006b,a, 2008). The
method employed in AUGUSTUS is completely generic as to the
sourceof the hints and the way they have been generated; in prac-
tice, however, they are almost alwaysderived from alignment-based
methods (Stanke et al., 2006a, 2008), including the use of peptides
from proteomics experiments (Castellanaet al., 2008).

At a later stage of the genome annotation pipeline, an important
task is the classification of proteins into families and subfamilies
based on sequence similarities. A correct classification obviously
relies on accurate gene predictions. Conversely, membership to a
family is a potential source of information that can be made avail-
able already to the gene prediction. This information is commonly
stored in protein family databases that are easily accessible, for ex-
ample via InterPro (http://www.ebi.ac.uk/interpro/, Hunter et al.,
2009), quickly growing, and oftenequippedwith precomputedmod-
els (also called signatures) in the form of profile-HMMs, MSAs
and similar representations. Furthermore, researchers specialised
on specific families will be interested in tools that enable them to
usetheir existing sequencerepositoriesto improvetheprediction on
newly available nucleotide data.

While almost every resource of protein family signatures offers
its own methods to classify protein query sequences supplied by the
user (bundled by InterProScan, Quevillon et al., 2005), these meth-
ods cannot be applied directly to (eukaryotic) genomic sequences,
without the prior knowledge of the gene structure, and hence the
coding sequence. On the other hand, most protein-based gene find-
ing methods map single sequences rather than protein signatures.
Theprogram Genewisehasan HMM modethat can perform a com-
bination of gene prediction and protein signature recognition using
aprofile-HMM (of one family at a time) in placeof asingle protein
sequence.

Here, we present a novel approach that uses what we call a hy-
brid method as it combines the existing ab-initio model with the
protein signature asan additional model for protein family member-
ship of the resulting transcripts. It is implemented as an extension
(the protein profile extension, PPX) to the program AUGUSTUS.
In this approach, evidence from complementary sources, such as
RNA-Seq, can beused simultaneously.

2 APPROACH
With the integration of a protein model into gene prediction, we
pursue two goals: first, the identification of members of a given
protein family, and more importantly, an increased accuracy of the
prediction designed especially to improve identification rates.

In AUGUSTUS-PPX, protein familiesaremodelled byblockpro-
files. In this context, a block is an ungapped and highly conserved
section of a multiple sequence alignment (MSA). The concept of
a block was first introduced by Henikoff and Henikoff (1991), and
then used to classify proteins in the Blocks database (Pietrokovski
et al., 1996; Henikoff et al., 1999).

Very similarly, collections of blocks, together with the ranges of
admissible distances between consecutive blocks, have been used

as protein signatures, referred to as fingerprint (Attwoodand Beck,
1994), and currently collected in the PRINTS database (Attwood
et al., 2003), amember database of InterPRO.

A block profile is a collection of position-specific frequency ma-
trices, each describing the amino acid distribution in ablock, similar
to aprofile-HMM. However, in contrast to profile-HMMs, sequence
motifs modelled by blocks have a fixed length with no insertions
or deletions permitted inside a block. Along the full length of a
multiple sequence alignment, non-conserved regions alternate with
blocks. These inter-block sequence parts are modelled in a block
profile only by constraining their length.

In the extended version of AUGUSTUS, one block profile at a
time can beprovided asan additional input, representing aparticular
protein family of interest. Here, wewill refer to it asaprotein profile
as it models agenewith respect to its protein sequence.

AUGUSTUS predicts genes using a Generalized Hidden Markov
Model (GHMM), in which each of thestatescorrespondsto thebio-
logical meaning of thesequence(exon, intron, intergenic, etc.); this
turns a gene structure into a sequenceof states, together with their
sequence coordinates, also called a parse. The well-known Viterbi
algorithm is used to computethehighest-scoring amongall possible
parses. In a GHMM, the score corresponds to the joint probability
that themodel generates the target sequenceusing theparse.

The profile extension to AUGUSTUS evaluates, for each candi-
date gene structure, a similarity score of the predicted transcript to
the profile, giving a bonus to genes matching the profile. While the
gene prediction takes place in genomic space, the protein profile
models theprotein sequencethat thepredicted gene translates to.

Although profile-HMMscan be amorepowerful sequencemodel,
block profiles were chosen here as a protein signature because the
integration into the existing GHMM requires a reduced complexity.
This iscompensated bytheuseof the ab-initio model that can better
predict the lessconserved sequenceparts.

The coordinates of the protein model are mapped to the input
DNA sequencewhen considering a candidategenestructure. Genes
consisting of multiple exons will induce amapping of partial pro-
files, where blocks may be disconnected by introns. Inter-block
regions impose a constraint on exon length between blocks, but
modelling nucleotide composition in them is left to AUGUSTUS’
exonmodel.

Genes that show no evidencefor similarity to all of the blocks in
theprofile arepredicted thesameway they would without theprofile
extension. This is an advantage over purely homology-based ap-
proacheswhich cannot predict regionswithout sufficient homology.
On the other hand, exons containing distant blocks can be forced to
belongto thesamegene, addressing thesplit geneproblem common
to ab-initio approaches: while thepredicted coding regionsof along
gene may largely agree, they are frequently mispredicted as several
shorter ones.

Instead of using the output of a separate program as source of
extrinsic information, as is the case in thehintsapproach introduced
by Stanke et al. (2006b), the mapping of the block profile to the
target sequenceis created in parallel to the ab-initio prediction, with
amutual interaction between both.

The profile can be complemented with information about con-
served intron positions(relative to theprotein sequence), amongthe
members of a protein family. This intron profile is a type of infor-
mation that is already lost when dealing with MSAsbut can bevery
valuable for thegeneprediction.
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3 METHODS

3.1 Block profiles representing protein famili es
Scoring function defined by block profiles. A set of n blocks can be
transformed into a set of frequency matrices, one for each block, containing
the column-specific frequencies of aminoacids.

The order of the blocks is assumed to be preserved throughout all se-
quences in the family. For each b, the interval Ib = [dmin

b
, dmax

b
] specifies

the range of admissible distances between consecutive block motifs (or, in
the cases b = 0, b = n, between the first/last block motif and the sequence
start/end, respectively).

We call such a collection of frequency matrices, together with the range
intervalsIb, ablockprofile, in analogy to other profilesgenerated from mul-
tiple sequence alignments. For the sake of brevity, we will use the term
block also for the particular matrix that represents it. A block profile does
not contain probabiliti es for insertions or deletions, and it does not model
thesequenceregionsbetween blocks.

From each frequency matrix, odd-ratios are obtained by dividing each
entry by the random (background) distribution of amino acids, and used as
the scoring matrix R(b) for block b. If s = s0 . . . sw−1 is an amino acid
sequence, its similarity to block b of length w is expressed by the odds ra-
tio score of s, the product of the respective entries of the scoring matrix:
ρ(b)(s) = R0(s0) · . . . · Rw−1(sw−1). More generally, a partial block

scoreρ(b)
[j..k]

(s) = Rj(s0) · . . . ·Rk(sk−j) can bedefined if s isa(shorter)

sequenceof length k − j + 1.
To classify a given protein sequences of lengthw as a block hit, we turn

the scoring function into a decision function byrequiring ρ(s) > τ , with a
block-specific threshold τ = τ (b), which iscontrolled by global parameters
θsens and θspec that give upper bounds for the expected error rates in the
respective models for blocks and backgroundsequences (for details seethe
supplementary material).

Generating block profiles. To convert a MSA into a block profile that
can beused asinput to AUGUSTUS, weprovideseparatetools that compute
frequency matrices from each conserved ungapped region in the alignment.
By thedefinition of ablock, each member sequenceof the family must con-
tain all motifs that arepart of ablock, without insertionsor deletions. Only a
minimum number (usually set to 6–10) of subsequent gaplesscolumns will
actually form a block. These columns we call usable for conversion to a
block profile. Additional restrictions might be imposed, for example on the
degreeof conservation in ablock column.

Large protein families may be composed of subfamilies characterised by
domains that are shared only by a subset of all sequences. If no domain is
present in all member sequences, a family cannot bedescribed appropriately
by one single block profile. A possible solution is to convert the alignment
associated with each subfamiliy into aseparateblock profile. In thenext sub-
section, we present a different approach of determining a “core” alignment
that can be transformed into aprofile.

Once blocks have been extracted from an alignment, or retrieved from
the PRINTS or Blocks databases, PSSMs can be calculated by determining
column-wise relative frequencies. In our conversion scripts we follow the
methodsused for theBlocksdatabase: aposition-specific weightingscheme
(Henikoff et al., 1990) is applied in order to avoid over-representation
of similar motifs, and pseudo counts are determined by regularizing the
position-specific counts with BLOSUM matrices. Range intervals are de-
termined from an alignment by taking minimum and maximum lengths of
inter-block sequence parts among all aligned sequences, or taken directly
from adatabase.

The restriction that no insertions or deletions occur in a block motif can
berelaxed, either by splitti ngablock into two to allow insertions in a central
position of a large block, or by merging amino acid distributions of neigh-
bouring positions. This way, also profile-HMMs (e.g., given in HMMER
format) – also containing frequency tables, but equipped with deletion and
insertionstates – can beused for conversion into block profiles.

0t t3t2t1

d

Protein sequence

DNA sequence

0 m1 2 m3mm

1

Figure 1. A profile-DNA mapping. The translated transcript (above) con-
tains four block motifs (in red) m0,. . . ,m3, separated by inter-block
sequence (in grey) of length db. The coding gene (below) consists of six
exons; sequences coding for the block motifs are shown in red. Block hits
may appear inside an exon (m0,m1) or be disconnected by one or more
introns (m2,m3).

Preprocessing of Multiple SequenceAlignments. For thepreparation
of MSAs foundin PFAM, we implemented an algorithm that iteratively dis-
cards sequences from an alignment until both a required number of usable
columns is reached (see above), and the estimated overall profile size (the
number of usable columns multiplied with the number of used sequences)
reaches a maximum. To this end, each column in an input alignment is
categorized: Either

1. it contains only a small number of gaps (removing the corresponding
sequences would turn it into ablock column), or

2. it contains only a small number of non-gap characters (making it a
candidate for complete removal from the alignment).

Columnsthat do not fall i nto these two categories, are already determined to
be inter-block columns at this stage, as well as isolated columns that cannot
be extended to ablock of minimal length.

Now, each column in the alignment can be considered as a potential start
of a block of minimal length. Each sequence is in conflict with the block
starting there if there is a deletion (the sequence has a gap in a column of
category 1) or an insertion (thesequencehasaresidue character in a column
of category 2) within the minimum number of columns after the fixed block
start.

In each iteration, we use aheuristic to pick a new block start to be intro-
duced by removing its conflicting sequence set from the alignment, based
on the expected new profile sizeof the alignment; this is repeated until that
size cannot be increased further by removingmoresequences. The resulting
sub-alignment can now bedescribed byablock profile.

3.2 Evaluating profile-DNA mappings
A block profile is mapped to the DNA sequenceσ by specifiying the start
locations (t0, . . . , tn−1) of the segments coding for potential block motifs.
We denote any such mapping by ψ. Since blocks may be interrupted by
introns, the full mapping is well -defined only when also a candidate gene
structureφ is given, as depicted in Figure 1. In this case, ψ is valid if all tb
lie on exons belonging to the samegene, and the inter-block regions on the
protein sequencehave admissible lengthsdmin

b
≤ db ≤ dmax

b
.

Thescoreof themappingisdefined bythelog-oddsof the candidateblock
motifsmb on theprotein sequence

ρ(σ;φ;ψ) = ρ(0)(m0) · . . . · ρ(n−1)(mn−1). (1)

Several genesmay be equipped with mappingsψ1,ψ2, . . . , ψm, resulting
in a total scoreof

ρ(σ;φ;ψ1, . . . , ψm) = ρ(σ;φ;ψ1) · . . . · ρ(σ;φ;ψm).

Formally, ρ can be defined to be 0 for invalid mappings. When provided
with a protein profile, the Viterbi algorithm will search for the best-scoring
combination of genestructure andcompatibleprofile-DNA mappings. More
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Figure 2. Calculating Viterbi variables at DNA position t, for substate
(b, i), b = 1, i < 0. The score is maximized for all gene structures that
have amapping to block motif m0 at a fixed distance to the current posi-
tion. In any parse continuing from this substate, the transcript must have a
block motif m1 starting between dmin

1 anddmax
1 fromm0. Thisdetermines

the admissible range of block starts on the following exon (unlessit is short
enoughto fit into the inter-block region). The bonus awarded to the Viterbi
variable for this mapping isρ(0)(m0).

1m0m

DNA sequence

Protein sequence

i

2m

t

Figure 3. Calculating Viterbi variables at DNA position t, for substate
(b, i), b = 2, i > 0. The score is maximized for all gene structures that
have amapping to the truncated block motif m2 of length i at the end of
the exon. Any parse continuing from here must have the next exon starting
with the remainder of the motif. The bonus awarded to the Viterbi variable
for this mapping isρ(0)(m0) · ρ(1)(m1) · ρ

(2)
[0..i−1]

(m2).

precisely, it determinesφ, ψ1, . . . , ψm maximizing the combined score

P (φ, σ) · ρ(σ;φ;ψ1, . . . , ψm),

where the joint probabilit y P (φ, σ) for gene structure and sequenceis mul-
tiplied with the profile bonus ρ(σ, φ, ψ) for each candidate transcript that
permits a valid mappingψ. Thus, only if a gene is compatible to a profile
mappingwith ascorehighenoughto compensate for a lower ab-initio score,
thepredictionwith theprofilewill differ from thepredictionwithout. In par-
ticular, onsequenceswherenomembersof theprotein family are identified,
the result will be identical to the ab-initio prediction. For performancerea-
sons, we consider for the evaluation of the profile bonus only mappings that
consist of block hits (each of theρ(b) must exceed their threshold τ (b)).

In theunderlyingsequencemodel, multiplyingwithρ effectively amounts
to replacing the backgroundmodel with the block model, for the emission
probabiliti es.

3.3 Integration into AUGUSTUS’ statemodel
Iterating over all DNA positions, the Viterbi algorithm computes the scores
of optimal partial parses (candidate gene structures) ending in the current
position, and stores them in variables indexed by position and last state,
each state representing a different sequence type, strand, or reading frame.
The state model AUGUSTUS uses has been described in Stanke and Waack
(2003).

When equipped with a protein profile, the score assigned to a parse is
modified as described above: for each gene in the parse that is compatible
with aprofile-DNA-mapping, thescore is to bemultiplied with thebest pos-
sibleprofilebonus; each exonin thegene contributesthebonusfor theblock
(part) hits that overlap with it.

When the algorithm arrives at a position in the DNA, it must consider
all partial profile mappings started before that can be continued beyondthis
position, havingaparticular positionwithin theprofile aligned to the current
DNA position (see Figure 2). This position determines the conditions for
the mapping to be continued; thus, a separate score has to be stored at that

position for each profile position. To this end, the original state spaceof
AUGUSTUS was extended by a set of substates attached to the main state,
representing the position in the profile, specified as a pair of integers (b, i)
denoting block (b) and position i relative to theblock (i ≤ 0 before ablock,
andi > 0 inside ablock). As shown in Figure2, if i isnegative, it determines
the admissible range for thestart of block b on thenext exon.

The substates serve as additional indices for the Viterbi table labelli ng
the entries that thecombined scoresarestored. For apartial profilemapping
endingat thesubstate(b, i), theprofilescoremultiplied to the ab-initio score
is given by equation (1), except that the product is truncated at the current

position: ρ(0)(m0) · . . . · ρ(b−1)(mb−1) · ρ
(b)
[0..i−1]

(mb) (the last factor
is a partial block score included only in the case i > 0, seeFigure 3). The
maximum of all combined scores ending in the same substate is then the
valuestored in the table.

In general, substates can be used to model side conditions that influ-
ence the score of a parse, for example if constraints on the exon length are
imposed, or for the exclusion of spliced stop codons. Here, substates are
aligning theprofile to the exonends.

The emission probabilit y of an exon in the extended version depends on
the substates on both ends: it gets a bonus equal to the maximum score of
all profile mappings on the exon that are compatible to the substates. Each
pair of substates gives rise potentially to a different profile bonus. New sub-
state variables are calculated by maximizing the combined score, over all
predecessor positions and predecessor substates.

In introns, the emission probabiliti es remain unchanged, but intron states
as well need to be equipped with substates to indicate a potential profile
position they aremapped to.

Genes on the backward strand are evaluated essentially in the sameway
as genes on the forward strand; however, in this case, the profile is mapped
to the DNA “backwards” , starting with the C-terminus. Correspondingly,
the substates on the backward strand refer to blocks and columns in reverse
order: thefirst motif isevaluated bythelast block in theprofile, startingwith
the last block column.

Since the model attaches a high number substates to every main state of
theoriginal model, an exhaustive evaluation of all combinationsof block lo-
cationsandsubstateswould cause an explosion of runningtimeandmemory
requirements; therefore, most of thesubstate entriesare eliminated or shared
between main statesin order to control the computational cost. Westoresub-
statescoresdynamically, reservingmemory only for nonzero entries. Seethe
supplementary material for details onspeed-upstrategies.

3.4 Fast preliminary block hit search
To make it possible to run AUGUSTUS-PPX on a whole-genome scale, a
fast preliminary search algorithm was devised for determining the genomic
regions that are likely to contain genes matching the profile, without de-
termining detailed gene structures. The algorithm was implemented in a
separate executable that can be used before running AUGUSTUS. Given a
target sequence andaprotein profile, it performsthe followingsteps:

• Building a seed collection: For each of the 8 000 possible triplets of
amino acids, the positions in the profile are stored where that triplet is
likely to occur.

• Determining block hit candidates: iterating over the target sequence,
each 9-tuple is tested for being a seed. Any segment covered at least
25% by seeds for a block is considered for exhaustive evaluation. This
prefiltering step is very fast, since it consists of a simple lookupwith
nucleotides triple as keys.

• Exhaustive evaluation of candidates: given a block start offset, partial
scores ρ[j..k](aj ..ak) are maximized where a0..aw−1 is the trans-
lated DNA segment. Ths interval is stored as a partial block hit i f its
sizereaches the minimal block width and the (partial) block threshold
is exceeded.

87



APPENDIX C. ARTICLE ABOUT AUGUSTUS-PPX

• Assembling block hits to profile hits: each block hit is extended to a
series of block hits by joining neighbouring hits, allowing for blocks
being skipped. Using dynamic programming, sequences of block hits
are determined that are highest-scoring for all contained blocks, and
returned as profilehits.

This algorithm is fast enoughto be run onwholegenomeswith ahigh num-
ber of profiles, in order to determine the regions AUGUSTUS-PPX is then
run on.

4 DATA SETS

4.1 Dynein Heavy Chain (DHC) family
Dynein Heavy Chain (DHC) proteins belong to the longest pro-
teins in eukaryotes comprising more than 4000amino acids. They
can be grouped into several subfamilies that are either responsi-
ble for intracellular transport and mitosis or part of the complex
microtubule-based structures in cilia and axonemes. In mammals
most of theDHC genes arespread in up to hundred exons over sev-
eral hundred-thousand of base pairs. The 16 human DHC sequence
fall into 10subfamilies DHC1 to DHC9 andDHC11.

The DHC genes have all been manually assembled and verified
because existing geneprediction programswerenot able tocorrectly
predict thegenestructuresover such long distances. For 13 of the16
human DHC sequences, cDNA data is available and has been used
for prediction. The remaining threeDHC sequences, and the DHC
genes of the other organisms, have been manually assembled based
oncomparative analysis of themetazoan homologsin thesubfamily.

The manually created and curated multiple sequence alignment
of the DHC family proteins, currently comprising more than 1 600
DHC sequences, has been the best control and guide during this
process. These manually assembled and verified DHC sequences
are regarded as almost correct predictions and taken as reference
sequences for the test runs. The DHC data is available from Cy-
MoBase (http://www.cymobase.org, Odronitz andKollmar, 2006).

From a completesequence alignment of all Dynein Heavy Chain
members available from CyMoBase, the alignment of the human
sequences was converted into block profiles that were used as input
in the test runs of AUGUSTUS.

A total of 96DHC proteinsout of six specieswere chosen as ref-
erence sequences; these were human, mouse, chicken, the Clawed
frog, and the Owl limpet, a seasnail. The range of members and
subfamilies varies slightly between species.

4.2 PFAM alignments
To assessthe performanceof the profile extension ona wider set of
protein families, five additional profiles were produced from MSAs
downloaded from the PFAM database. The families were chosen
randomly from the set of all families that had a minimum average
length of at least 400residues, and a minimum of 30 human repre-
sentatives in them. Short alignments that cover only single domains
were not considered, since AUGUSTUS-PPX is designed for the
caseof full- length protein signatures.

From each alignment, a core alignment was produced with the
procedure described in section 3.1. Typically, about 60% of the
sequences were discarded in order to maximize the size of the us-
able part of the alignment. Among the core sequences, a total of
46 human sequencesremained that weretaken asreference andwere
downloaded from UniProt.

4.3 Genomic referencesequences
From theprotein sequenceschosen asreferenceset, i.e. the96DHC
proteins from six species, and the 46 human sequences from the
PFAM alignments tested, we produced reference gene structures.
We used the program Scipio (Keller et al., 2008; Odronitz et al.,
2008) which is able to establish the exact exon/intron structure of a
given protein.

Thereferencegenesfor theDHC family consisted of 75exonson
average, spanning a length from 30 upto 450 kbps.

Depending on the quality of the assembly, the reference gene
structures in some cases could not fully be determined; the corre-
sponding parts in the protein sequence had been determined from
unmapped contigs of the genome genome, or from cDNA analysis.
When they were missing completely, their length had been esti-
mated from the alignment to orthologous sequences. Furthermore,
the accuracy of gene structures might be affected by frameshif ts
caused bysequencing errors.

5 RESULTS AND DISCUSSION

5.1 Setup of runs
AUGUSTUSwasrun ontheregionscontaining thereferencegenes,
both in the ab-initio and PPX versions, and the results were com-
pared to the reference genes. The DHC genes were chosen as
examples as their size makes their prediction prone to difficulties
like the split gene problem. The human DHC used in the runs con-
sisted of 35 blocks with a total length of 1180sites (columns), the
largest block having amotif length of 134.

In asecondset of runs, allowing for thescenario that no ortholog
to the target sequence is known, the human ortholog to the test se-
quencewasremoved fromthe alignment used togeneratetheprofile,
so that theremaining sequencesall had lessthan 60% identity to the
target sequence(“ex-ortholog”).

We also ran Genewise in HMM mode on the reference regions,
supplied with a profile-HMM in HMMER format, automatically
generated from the same alignments, including the ex-ortholog
ones. While Genewise has been succeeded by faster tools such as
Exonerate in the case of single-protein queries, we are not aware
of any other program that can perform a spliced alignment of a
profile-HMM to a genomic sequence. On average, running times
of Genewise in HMM modewere about 200times longer than those
of AUGUSTUS-PPX.

In order to compare asingle-query mapping approach designed
for high homology, cross-species searches with human queries for
their orthologswere executed with Scipio, using default parameters.

Finally, to examine a random set of various reference proteins,
runswereperformed with theprofilesgenerated from thefivePFAM
alignments, comparing AUGUSTUS-PPX to AUGUSTUSab-initio
and Genewise. We ran a low-similarity scenario here as well, by
taking out from the alignments all sequences with more than 60%
identity.

5.2 Assessment of theprediction quali ty
Resultsof theDHCruns. Thetask of recognizingagene asamem-
ber of the DHC protein family was accomplished by AUGUSTUS-
PPX in almost all cases. Four sequences from subfamilies with
lesser sequenceidentity to therest, and one casewith an incomplete
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Table1. Accuracy of DHC runs

species AUGUSTUS-PPX AUG. Scipio Genewise
full ex-ortho ab-initio cross-sp. full ex-ortho

exon level sensitivity (%)
human 92.9 91.2 84.3 N/A 83.7 52.7
mouse 93.3 91.3 85.8 86.0 80.4 50.1
chicken 88.8 87.3 80.5 66.0 68.8 46.2
frog 84.4 82.9 77.8 48.2 64.3 48.0
zebrafish 89.0 88.9 80.3 49.2 68.5 49.1
snail 86.0 84.5 78.5 31.6 59.3 49.1
total 89.0 87.6 81.3 63.5 70.9 49.4

exon level specificity (%)
range 76–93 74–90 77–88 52–88 74–85 68–73
average 85.5 84.0 83.3 76.5 79.3 69.7

highly accurategenes (%)
human 62.5 62.5 31.3 N/A 93.8 12.5
mouse 72.2 66.7 27.8 88.9 55.6 0.0
chicken 41.7 33.3 16.7 8.3 16.7 0.0
frog 38.9 38.9 0.0 5.6 11.1 0.0
zebrafish 57.1 50.0 57.1 7.1 14.3 0.0
snail 44.4 44.4 11.1 0.0 11.1 0.0
total 53.1 50.0 14.6 36.5 34.4 2.1

Comparingtheresultsof AUGUSTUS-PPX with AUGUSTUSab-initio, single-sequence
cross-speciessearch(Scipio, basedon BLAT), and Genewise in HMM mode.“ex-ortho”
refersto runs with orthologs of target genes removed from the MSA. Highly accurate
genesarethose predictedwith at least 95% sensitivity and 85% specificity.

genomic referencesequencewere not identified as DHCs. Instead,
thesegenes werepredicted identically to the ab-initio version.

Scipio (run only where human orthologs were there) and Ge-
newisefailed to identify thesameset of sequences, but did not make
a prediction in these cases. In the ex-ortholog scenario, Genewise
left 14sequences unidentified.

Table 1 shows prediction accuracy of the testing scenarios, com-
pared to the ab-initio version, Scipio, and Genewise. At exon level,
there is significant gain in sensitivity compared to the ab-initio ver-
sion, with almost 40% of the previously missed or mispredicted
exonscorrected, throughout thetested species. Specificity wasover-
all increased slightly, but showed a decrease in some of the more
distant species. Genewise is somewhat weaker in predicting exact
splicesites, resulting in lower accuracy than AUGUSTUSab-initio,
even when using the full profile.

With genesconsisting of morethan 70exons, therequirement that
a gene is predicted entirely correctly has to be relaxed somewhat
when assessing prediction quality at the gene level. We calculated
the rate of highly accurate genes, meaning that the overlap of pre-
diction andreferenceis at least 95% of thereference and 85% of the
prediction. Here, the prediction quality of the human sequences of
both Genewise and AUGUSTUS-PPX was dramatically better than
the ab-initio prediction; the protein-based prediction tools benefit
especially from joining predicted exons to a single gene. However,
the accuracy of Genewise dropped significantly on the more distant
species, and especially in the “ex-ortholog” scenario. In the single-
query approach pursued by running Scipio, prediction quality at all
levels deteriorates strongly with evolutionary distance.

Figure 4. A section of an example result of AUGUSTUS-PPX, shown in
GBrowse. Compared to the ab-initio prediction, one exoncontainingablock
hit is added by the extension, one false positive exon removed to satisfy the
distance constraints, and two genes are joined into one.

Figure 5. Falsepositive exonsdueto amissing block enforced bytheprofile
extension.

Detailed analysis of results There are various ways the profile
can improve the prediction, as illustrated in Figure 4. A gene with
complementary block hits on them, previously mispredicted as two
genes, is now joined to one. This is an important advantage that
protein-based genefinders have in comparison to ab-initio tools.

Overall, specificity was improved to a lesser extent; in some
genes, weobserved adeterioration of specificity at exon level when
using theprofile, while in others it wasclearly improved. Thesehet-
erogenousresults are caused by block hits enforced onthesequence
by theprofile extension, leading to anumber of false-positive exons
added to the prediction, as can be seen in Figure 5. This occurred
in themoredistant speciesand in the ex-ortholog scenario, andalso
when the assembly quality was low.

We addressed this issue by performing a third set of runs where
we executed a fast block search (seesection 3.4) prior to the actual
AUGUSTUSrun(shown as supplementary data). Thesearch can be
used to determinetheregionsfor thegeneprediction, but it also out-
puts a list of block hits foundthere. The missing blocks were then
removed from the DHC profile used in the AUGUSTUS-PPX pre-
diction. With the filtered profile, no exons were added by enforced
block hits, resulting in ahigher exonspecificity in all species.

Runs with profiles generated from PFAM alignments. Results of
the runson the46referencegenes from thefivePFAM protein fam-
ilies are shown in Table 2. Exon level sensitivity and rate of highly
accurate genes were improved, to varying extent, in all five cases.
The number of completely correct genes rose from 10 (21.7%) to
14 (30.4%). In all but one of the 46 cases, the genes were identified
by AUGUSTUS-PPX asmembersof their families. Results deterio-
rated only slightly when werestricted theprofile to low identity, and
occasionally even improved (removingsimilar sequencescan lead to
more blocks in the profile, or prevent false positive block hits); two
moresequenceswerenot recognised asmembers. Genewisedid not
reach the accuracy of AUGUSTUS ab-initio.
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Table2. Accuracy of PFAM runs

family AUGUSTUS-PPX AUGUSTUS Genewise
full <60% ab-initio

exon level sensitivity (%)
HSP70 92.1 89.5 84.2 10.5
Aldedh 92.6 90.1 86.0 48.8
AA permease 83.9 85.4 81.0 24.4
Culli n 87.7 86.9 83.1 56.9
Sec1 93.9 94.7 87.1 44.7
total 89.0 88.8 83.9 39.3

exon level specificity (%)
range 72–92 71–89 65–89 25–77
average 80.5 78.9 75.9 57.7

highly accurategenes (%)
56.5 54.3 39.1 0.0

completely correct genes (%)
30.4 28.3 21.7 0.0

AUGUSTUS-PPX was compared to AUGUSTUS ab-initio and Genewise.
“<60” refersto a profile with a maximum sequence identity of 60% to the
target sequence,analogously to “ex-ortho” above.

Further testing. In order to verify the interoperability with exter-
nal evidence, we ran AUGUSTUS on the human sequences with
manually edited hints and the DHC profile simultaneously. When
supplied with thehints for the exons still missing in theoriginal pre-
dictions thosewerepredicted correctly in general, unlesstherewere
non-standard splice sites. This showed that in principle there is the
potential of adding the advantagesof complementary methods, such
as RNA-based evidence.

6 CONCLUSION
The gene prediction program AUGUSTUS was extended by a
method combining protein-family based gene finding with an ab-
initio prediction. Equipped with protein signatures, prediction accu-
racy could be improved considerably, especially on full-gene level
on very long genes. The extrinsic protein datasignificantly improves
the gene prediction compared to existing programs when sequence
dataonly from distant species was available.

The presented approach is complementary to transcript-based
methods, andeasily combined with them, offering thepotential of a
further improvement of prediction accuracy.

Block profilesare aprotein signaturesuitable for aiding genepre-
diction. The approach for extending the model is generic and can
be used to describe other types of constraints, for example on cod-
ing sequence length. Future plans include the integration of intron
profiles, containing information about conserved intron positions.
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