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Abstract
We deal with the problem of retrieving the repeated apparitions of given motifs in protein
sequences. In particular we are interested in the apparitions of the PPR related motifs in the
Arabidopsis thaliana PPR proteins. As input, we dispose of the Profile Hidden Markov Models
(HMMs) models built for each given motif. The profile models were constructed using HMMER,
from sequence fragments alignments. Given the amino acid sequence of a protein, we need to
identify the correspondent motif sequence.
We propose a Cyclic Profile HMM structure and an efficient implementation for this
type of structure. As a result, we prove the feasibility and the correctness of this novel method
and we obtain an automatic annotation tool that we use for annotating the PPR proteins from
the Arabidopsis and from the rice.
Keywords: motif repeats, profile HMMs, PPR-motifs, Viterbi algorithm, motif
annotation tool.
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1

Introduction

1.1

Protein Sequence. Motifs and Motif Repeats. Sequence Alignment

A protein is a complex organic compound, essential to the structure and function of all living cells
and viruses. Different proteins perform a wide variety of biological functions: some are enzymes,
which catalyze chemical reactions, others play structural or mechanical roles. Their primary structure is a specific sequence of amino acids. The details of this sequence are stored in the code of
a gene which is being read by a cell (through the processes of transcription and translation) and
used to construct the protein. Commonly, proteins work together to achieve a particular function,
and often physically associate with one another to form a complex.
Proteins are among the most actively-studied molecules in biochemistry. Evolution modifies
and recombines existing building blocks instead of inventing everything from scratch; in the protein
world, these building blocks have been termed motifs. Many protein sequences contain motifs that
can be traced back to a single ancestral gene and are therefore repeats of a basic genic motif. The
identification and characterisation of new motifs is a major goal of protein science. When the same
motif is present several times in one sequence, we say that it is a motif repeat. In proteins we
usually deal with approximate repeats as, due to deletions, insertions and mutations, repeat units
have diverged and are usually separated by large gaps.
The most efficient manner to identify motif repeats in a protein sequence is using dynamic programming to align a sequence to itself and analyse the collection of suboptimal alignments [HH00].
When we talk about sequence alignment we understand an arrangement of two or more sequences
(subsequences), highlighting their similarity. The sequences are padded with gaps (usually denoted
by dashes) so that wherever possible, columns contain identical or similar characters from the
sequences involved (see figure 1).

Figure 1: Sequence Alignment
Mismatches in the alignment correspond to mutations, and gaps correspond to insertions or
deletions. A sequence can be aligned to another one using the Smith-Waterman algorithm [SW81],
the slightly less accurate but a lot faster BLAST(Basic Local Alignment Search Tool) algorithm
[AGM+ 90] or the FASTA algorithm [LP85]. Sequence alignment can also be used to study the
evolution of languages or the similarity between texts.
There exists a large collection of protein multiple sequence alignments and profile Hidden
Markov Models (see section 3), called Pfam [BCD+ 04]. The alignments represent some evolutionary conserved structure which has implications for the protein’s function. Profile Hidden Markov
Models(HMMs) built from the Pfam alignments are very useful for automatically recognizing that
a new protein belongs to an existing protein family, even if the homology is weak. Pfam is mostly
formed from accurate human crafted multiple alignments. Its latest version contains 3071 families
of proteins and is accessible on the world wide web 1 .
1

http://pfam.wustl.edu/
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1.2

Definition of the Problem

We deal with a particular instance of the problem of retrieving the motif repeats in protein sequences; it is a slightly less difficult situation, as we already know the motifs that we are searching
for. In our case we are interested in identifying the PPR-Related motifs in the sequences of the
proteins from Arabidopsis thaliana (mouse-ear cress).
The reasons for choosing Arabidopsis thaliana and in particular the PPR-Related motifs are
multiple: conserved structure of the motifs, their specificity, the presence of the tandem repeated
motifs very well suited for our approach, the interest of the plant science community in this species,
the access to manual annotation which allowed us to verify the results, the lack of systematic
annotation of the PPR-motifs for the other plant species.
1.2.1

Arabidopsis Thaliana Genome

The Arabidopsis thaliana genome sequence uncovered many previously undescribed and often unsuspected genes. The initial analysis of the genome sequence estimated that 31% of Arabidopsis
genes were too dissimilar to genes of known function. Many of the genes in this class fall into
families that have greatly expanded in plants or are entirely plant specific. A major challenge is
to discover the functions of these genes; amongst these families, the largest (≈ 450 members) and
perhaps the most mysterious is defined by the so-called pentatricopeptide repeat(PPR) [SP00],
[RBTNL06].
Although some individual PPR genes were already described, the existence of a large family
of similar proteins only became apparent with the sequencing of the Arabidopsis genome. PPR
proteins make up a significant proportion of the proteins with unknown function in Arabidopsis.
Only a few very recent articles describe the functional analysis of individual Arabidopsis PPR
genes: [ABKL00], [LAea04].
1.2.2

PPR Proteins and PPR-Related Motifs

Figure 2: Motif Structure of Arabidopsis PPR Proteins
The PPR motifs are usually present in proteins as tandem arrays of about a dozen repeats;
there are 3 such motifs, named P, L, S and one variant of L, named L2.
Roughly half of the PPR proteins form the PCMP subfamily, which is land plant specific; the
other half is represented by the PPRP subfamily (the proteins from this subfamily usually have
only P motif repeats).
4

PCMPs exhibit a large and variable tandem repeat of a standard pattern of the 3 PPR variant
motifs. The association or not of this repeat with 3 non-PPR motifs: E, E+, DYW (see figure 2
for the motif representation) defines 4 distinct classes of PCMPs: A, E, F and H.
The PPRPs can be defined using the following regular expression: (P ∗ −S ∗ )∗ ; the more complex
structure of the PCMPs can also be summarized using a regular expression: (P − L − S ∗ )∗ − [E −
[E + − [Dyw]]]. For a more detailed description of the motif structure of the Arabidopsis PPR
proteins for the PCMP subfamily and its 4 classes, see table 1.
Subfamily
PCMP

Sequence of motifs
P L(S)k -[P L(S)m ]n -P L2 S2 -E-E+-DYW
[P L(S)m ]n -P L2 S2 -E-E+
[P L(S)m ]n -P L2 S2 -E
[P L(S)m ]n -P L2 S2

Class
H
F
E
A

Table 1: PPR Family
To identify the PPR motifs, the interesting fragments of the protein sequences were extracted
and aligned as to obtain separate PPR motifs, and afterwards, the HMMER package [Edd](see
section 3) was used on these alignments in order to define the correspondent models 2 .
The motif occurrences are adjacent in the amino acid sequences; thus, we define the motif
sequence of a protein as the succession of motifs read from the N- towards the C-terminus. For
example, to the protein At3g61170 corresponds the motif sequence S − S − S − S − P − L − S −
S − P − L − S − P − L − S − P − L2 − S − E − E + −Dyw (where hyphens separate the motifs).

1.3

Previous Approaches in Retrieving the motif Structure of a Protein Sequence for Given motifs

Until the present time, as far as we know, no methods have been developed for automatically
retrieving the repeats of given motifs in protein sequences.
All the previous approaches for this problem use profile consensus models built for each of the
given motifs, models that can be found in the Pfam database (introduced in section 1.1). Other
types of models, like regular expressions (see PROSITE 3 ) do not work for the PPR motifs because
of their little conservation (the motifs are too divergent).
The idea is to find the repeated apparitions of each motif, using the HMMER package, and to
build the best possible motif sequence, by covering each region with one of the given motifs; in
case of overlapping, the solution used is choosing the best scored motif for that region. In fact, all
annotations of the repeated apparitions of given motifs in protein sequences of which we dispose,
were manual made. As this method is not at all efficient, when speaking in terms of time and of
quantity of human labor, an automatic one is needed.
The problem with this type of approach is that we do not have a complete model that can be
applied to the sequence, but multiple models that have to be aligned one after the other and then
the results put together in order to obtain the most probable sequence of motifs. HMMER, which
is the state-of-art in this field, is incapable to find the apparitions of more than one motif in a
protein sequence; it was built to model a single motif, therefore it has the capacity of iterating on
this motif only.
2
3

http://www.evry.inra.fr/public/projects/ppr/ppr.html
http://www.expasy.org/prosite/
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Not having a complete model which could be directly applied to the sequence, implies not having
a global score for the retrieved motif sequence and so, not being able to compute the significance
of the results obtained on different sequences.
We propose a cyclic structure that connects the profile HMMs conceived for each motif, giving
the possibility of iterating on each chosen motif.

1.4

Short Overview for our Proposed Solution

We propose using a Profile HMM Cyclic structure. The first question that we need to clarify is:
why choosing an HMM for modeling the motif repetitions. The arguments in favour of this choice
are multiple:
• the consensus models for the motifs are given as profile HMMs,
• it is an automaton and so it can model the different transitions from a model to another,
• it is a probabilistic automaton and so it can offer us the most probable motif sequence,
• it has a probability distribution over the symbol emission for each state and so it is able to
recognize even motifs that have evolved and that are far from the original ones,
• it gives us a score for the state sequence that we obtain, score for which we are able to
compute its statistical significance. But the strongest of all reasons is that simpler models
(like regular expressions) are not powerful enough to model the individual PPR motifs; only
HMMs manage to recognize distant similarities (homologies).
We intended to verify the feasibility and the efficiency of the Profile HMM Cyclic structure for
modeling the problem of identifying the repeated apparitions of specific motifs in protein sequences.
The novelty of our work is that we generalise the usual profile HMM and propose a Cyclic HMM
structure. For this structure we adapted the Viterbi algorithm (see section 2.2.2) and we provided
an efficient implementation.
My work has been developed in two distinct phases, the research phase and the implementation
phase. Multiple experiments have been done along my entire work, at the beginning of the research
phase and during the implementation phase.
Firstly, I had to understand the biological problem and to become familiar with the PPR family
of proteins and with the existing solutions. For this, I tried to redo the manual annotation of 30
randomly chosen proteins of the Arabidopsis thaliana; after retrieving the apparitions of the PPR
motifs and the 3 non PPR motifs E, E+, DYW by using HMMER on the 30 proteins, I have
computed the most probable motif sequences and I have compared the results to the expert manual
made annotation. As the results mostly matched, we came to the conclusion that an automatic
method should be well suited.
Secondly, I had to study the HMMs’ theory (shortly described in section 2) and in particular the
profile HMMs’ theory, to acquaint myself with the HMMER implementations of the basic algorithms
for the profile HMMs (a succinct overview for the profile HMMs and their particular implementation
for HMMER is given in section 3), and finally, to design and to develop my own solution, detailed
in section 4. The obtained results have been compared to the existing manual annotation; having
an expert manual annotation offered us the possibility of estimating the relevance of our results.
The different experiments that have been done are described in section 5.
We obtained an automatic annotation tool which made possible the first annotation of the
rice proteins. The significance of our work also consists in the fact that it offers the basis for
6

more complex approaches. Passing, from the retrieval problem, to the more difficult problem of
recognition of motifs, is a logical and most useful sequel of our study. Section 6 gives more details
in this direction.

2

Hidden Markov Models (HMMs)

2.1

Definition and General Description

HMMs were introduced in the scientific literature by Baum and his team, in the mid 60’s. The model
in discussion is close to probabilistic automata. A probabilistic automaton (PA) is defined by a set
of states and transitions between states, and a probability distribution on the transitions. Every
transition has a correspondent symbol which is generated every time that this transition is used.
An HMM is defined similarly: its structure is also composed by a set of states, transitions between
states and a distribution over the transitions. The biggest difference between the two models is
that, for the HMM, the emission of symbols is done on the states and not on the transitions. In
addition, every state has not only one symbol associated, but a probability distribution over all the
symbols of the alphabet. The most important proof of the connection between the two types of
models, is the fact that every HMM can be simulated by a PA with the same number of states.
HMMs are used for generating sequences which can be both discrete and continuous. They
were first employed in the field of speech processing; next, HMMs were successfully used in the
analysis of biological sequences. Lately, they were discovered as an important tool in information
extraction. See [BG00] or [Rab89] for a more detailed description.
An HMM can be defined as a quadruple (S, Σ, T, G), where
• S is a set of N states; it has 2 special states: start and end which do not emit any symbols
and which are used only for initiating and finishing a sequence.
• Σ is an alphabet composed of M symbols.
• T = S − {end} × S − {start} → [0, 1] is a matrix giving the transition probabilities from one
state toPanother; we call P (s → s0 ) the transition probability from the state s to the state s’,
where s0 ∈S P (s → s0 ) = 1.
• G = S − {start, end} × Σ → [0, 1] is a matrix giving the symbol generation probabilities,
associated
Pto each state; we call P (o | s) the probability of emitting the symbol o, in the state
s, where o∈Σ P (o | s) = 1.
The structure of an HMM is defined by the set of states and by the transitions with non-null
probabilities. Figure 3 gives an example of a simple HMM with 7 states and 11 transitions. The
procedure of generating a symbol sequence using an HMM consists of: start with the state start,
move from one state to another following the transition probabilities, generate a symbol on every
state you pass by, using the generation probability distribution for that particular state, arrive in
end state. For example, the sequence abccb can be generated by the HMM in figure 3 by starting in
start state, then passing by the states 1, 3, 5, 5, 2, and arriving in end state. Note that this symbol
sequence can be also generated by following the state sequences start − 2 − 4 − 5 − 5 − 2 − end or
start − 1 − 4 − 5 − 5 − 2 − end.
The probability of generating the symbol sequence abccb, following the first described state
sequence, is the probability of moving from start to 1 (0.5), multiplied by the probability that the
state 1 emits symbol a (1), multiplied by the probability of moving from 1 to 3 (0.7), multiplied by
. . . = 6.6 · 10−3 . Following the second and the third state sequence, this probability is respectively
7

Figure 3: HMM Example
2.3 · 10−4 and 7.5 · 10−5 . As there are not any other possible state sequences that could generate
this symbol sequence, the probability that the HMM generates the symbol sequence abccb is 6.6 ·
10−3 + 2.3 · 10−4 + 7.5 · 10−5 = 6.9 · 10−3 and the most probable state sequence is the first one:
start − 1 − 3 − 5 − 5 − 2 − end.
In conclusion, HMMs define a stochastic, non deterministic model: a single sequence can be
generated in several different manners.

2.2

Basic Algorithms

In order to completely understand the way an HMM works, we have to answer to 3 questions:
• What is the probability of generating the symbol sequence O = o1 . . . oT ?
We have to compute the generation probability for each possible state sequence and then,
sum these probabilities. The probability of generating O when following the state sequence
S = s0 . . . sT +1 with s0 =start and sT +1 =end is
X
P (O | H) =
P (s0 → s1 )P (o1 | s1 ) . . . P (sT −1 → sT )P (oT | sT )P (sT → sT +1 )
<s0 ...sT +1 >

The direct computation of this probability can be done in O(T N T ) which is not at all practical.
Fortunately, there is an efficient method: the forward-backward algorithm that we explain in
section 2.2.1.
• Being given the symbol sequence O = o1 . . . oT , what is the state sequence, that generates
this symbol sequence, with the highest probability?
In this case we do not need the maximal probability, but the state sequence that gives the
maximal probability. This state sequence is called the “Viterbi sequence”. As for the previous
question, we could compute the probabilities for all the state sequences and choose the best
sequence. For the same reasons, this direct approach is not suited. Viterbi’s algorithm,
explained in section 2.2.2, is a dynamic programming algorithm that solves this problem
efficiently.
8


• Let O = O1 , . . . , OK be the set of training sequences. How can we adjust the model
parameters λ =< T, G >, in order to well fit these data?
In the previous 2 cases, we have supposed that we have an HMM, constructed and parameterised in order to suit best the sequences that we need to model. For this question, the problem is to estimate the model’s parameters, as we assume that the structure
is known. The estimation of parameters is reduced to a training problem. Following the
maximum likelihoodQprinciple, the goal is to find the parameters λ =< T, G > that maxik
mize: P (O | H) = K
k=1 P (O | H). This is realized by the Baum-Welch EM (Expectation
Maximization) algorithm.
The algorithm starts with an initial parametrisation of the model. It is an iterative procedure,
that reestimates the model’s parameters at each iteration, till obtaining a stabilisation of the
parameters. Unfortunately, the result depends a lot on the initial chosen model, so the
algorithm converges towards a local optimum.
We will detail only the first 2 questions, as in our case we were interested in discovering the
state sequence that generated the symbol sequence, for a given model and a given symbol sequence.
2.2.1

Forward-Backward Algorithm

We consider the forward variable: αt (s) = P (o1 . . . ot , st = s | H) that represents the probability
of generating the symbol sequence O = o1 . . . ot , starting from the start state and arriving in the
state s, for the time point t. There is an inductive method of computing this variable:
1. Initialisation For t = 1, we have
α1 (s) = P (start → s)P (o1 | s)
2. Induction For t = 2, . . . , T we have
!
αt (s) =

X

0

0

αt−1 (s )P (s → s) P (ot | s)

(2.1)

s0 ∈S

If we know αT (s) - the probability of generating the symbol sequence O and arriving in state s
- the computation of P (O | H) is immediate:
X
P (O | H) =
αT (s)P (s → end)
s∈S

The algorithm is quite natural: it starts by computing the probability of generating the first symbol
of the sequence and it continues by adding a new symbol at each step, till it arrives at computing
the probability of the entire sequence. Another approach, less natural, would be to execute this
computation in the opposite direction. For both algorithms, the complexity is O(N 2 T ).
2.2.2

Viterbi Algorithm

From all the state sequences that generate the symbol sequence O, we need the one with the highest
probability. Viterbi’s algorithm gives exactly this state sequence. We start by defining the variable
δt (s):
δt (s) = max P (s0 . . . st = s, o1 . . . ot | H)
s0 ...st−1

9

which gives the maximal probability of generating the symbol sequence O = o1 . . . ot , following an
unique state sequence, starting from the start state and arriving in state s at the moment of time
t.
We compute the value for this variable inductively, similarly as for the forward variable:
1. Initialisation For t = 1, we have
δ1 (s) = P (start → s1 )P (o1 | s1 )
2. Induction For t = 2, . . . , T we have



0
0
P (ot | s)
δt (s) = max
δ
(s
)P
(s
→
s)
t−1
0
s ∈S

(2.2)

Knowing δT (s) for every s, we can compute the maximal probability of generating O for the
model H, following an unique state sequence:
P (O | H, V) = max (δT (s)P (s → end))
s∈S

Unfortunately, this is not what we are looking for. In this case we need the exact state sequence and
for this, we need to memorize at each step, the state that maximizes equation 2.2. We introduce a
new variable for designating this state: ψt (s). The procedure that computes this variable is similar
to the anterior procedure, with the difference that this time we need argmax in place of max:
1. Initialisation For t = 1, we have
ψ1 (s) = start
2. Induction For t = 2, . . . , T we have

ψt (s) = argmaxs0 ∈S δt−1 (s0 )P (s0 → s)
Once the two variables have been computed for each state s, it rests only to apply a backtracking
method in order to obtain the Viterbi state sequence: start, s∗1 , . . . s∗T , end, starting from end state.
1. Initialisation For t = T , we have:
s∗T = argmaxs∈S (δt (s)P (s → end))
2. Traceback For t = T − 1, T − 2, . . . , 0 we have:
s∗t = ψt (s∗t+1 )
It should be noted that the Viterbi algorithm is similar (except for the backtracking step) in
implementation to the forward algorithm. The major difference is the maximization in equation
2.2 over previous states which is used in place of the summing procedure in equation 2.1. As for
the previous 2 algorithms, the complexity is O(N 2 T ).
10

3
3.1

Profile HMMs
General Description

For modeling protein sequence multiple alignments, a particular type of HMM has been developed.
This new and particular type of HMM is called a Profile HMM [Kro98]. Given a correct multiple
alignment from which we build the model, the purpose would be to use this profile HMM to find
and score potential matches to new sequences. For complete description of how profile HMMs and
probabilistic models are used in computational biology, see [Kro98], [DEKM98] or [BB98].
One difference between the original HMM model and a profile HMM is that the former can have
a general structure, but the latter not. The heart of a profile HMM is in fact a linear set of match
(M) states, one for each consensus column in the multiple alignment. Each M state emits (aligns
to) a single residue, with a probability score that is determined by the frequency that residues have
been observed in the corresponding column of the multiple alignment. Each match state therefore
carries a vector of 20 probabilities, for scoring the 20 amino acids.

Figure 4: Profile HMM Architecture - HMMER
For our implementation we use a profile HMM structure similar to the structure that HMMER
implements (see figure 4). HMMER is an implementation of profile HMMs for biological sequence
analysis [Edd], that offers multiple applications in this field. Once a multiple sequence alignment
obtained, using HMMER one can build a model, calibrate it (see 3.5) and then align different
sequences to this model or search a sequences database for matches of the constructed HMM model.
The most important characteristic of a profile HMM is that it is capable of modeling gapped
alignments, e.g. including insertions and deletions, which lets the software describe a complete
conserved domain (rather than just a small ungapped motif); moreover the way of building such
a model is described in section 3.4. Insertions and deletions are modeled using insertion (I) states
and deletion (D) states. Each match state has an I and a D state associated with it. A group of
such three states, M/D/I can be named a node.
The core section of the model in figure 4 is composed by M/D/I nodes and flanked by dummy
non-emitting states, B and E. The transitions are arranged so that at each node, either the M state is
used (and a residue is aligned and scored) or the D state is used (and no residue is aligned, resulting
in a deletion-gap character, -). Insertions occur between nodes, and I states have a self-transition,
allowing one or more inserted residues to occur between consensus columns. All the probability
11

abbrev.
Mx
Dx
Ix
S
N
B
E
C
J

name
Match
Delete
Insert
Start
N
Begin
End
C
J

index
x
x
x
-

description

unaligned sequence state
enter main model
exit main model
unaligned sequence state
unaligned sequence state

symbol emission
K emissions
non-emitter
K emissions
non-emitter
K emissions
non-emitter
non-emitter
K emissions
K emissions

Table 2: State Abbreviations
parameters in the main model are generally estimated from observed frequencies of residues and
transitions in a multiple sequence alignment. The way of structuring the model parameters in the
profile HMM model files is explained in section 3.3
The other states (S,N,C,T,J) are “special states”, which allow different types of alignments.
They control algorithm dependent features of the model: e.g. how likely the model is to generate
various sorts of local or multi hit alignments (see section 3.2). The algorithm dependent parameters
are typically not learned from data, but rather set externally by choosing a desired alignment style.

3.2

Solving Different Types of Alignments to a Profile Model in HMMER

The alignment of a sequence to a profile model can be local/global with respect to the sequence or
the model, depending on whether the complete sequence/model is aligned or only a segment of the
sequence/model is aligned.
There are several types of possible alignments of a sequence to a profile model. The “global”
alignment refers to the fact that the complete target sequence is aligned to a complete path through
the model from a start state (S) to the terminal state (T). However, some (possibly most) of the
sequence may be assigned to the states N,C,J that generate non homologous, unaligned, random
sequence that is not aligned to the main model. Thus, the algorithm dependent parts of the model
control the apparent locality of the alignments.
Local alignments with respect to the sequence (i.e., allowing a match to the main model anywhere internal to a longer sequence) are controlled by the N and C states. If the N → N transition
is set to 0, alignments are constrained to start in the main model at the first node. Similarly, if the
C → C transition is set to 0, alignments are constrained to end from the very last node.
Local alignments with respect to the model (i.e., allowing fragments of the model to match the
sequence) are controlled by B → M “entry” transitions and M → E “exit” transitions, shown
as dotted lines in figure 4. Setting all entries but the B → M1 transition to 0 forces a partially
“global” alignment in which all alignments to the main model must start at the first match or
delete state. Setting all exits to 0 but the final M → E transition (which is always 1.0) forces a
partially global alignment in which all alignments to the main model must end at the final match
or delete state.
The profile HMM structure implemented for HMMER, allowing local alignments, is significantly
improved compared to the original Krogh/Haussler profile, as in real alignments of real biological
sequences we usually use models of conserved domains, and rarely of a complete target sequence.
A conserved domain may be buried in a longer target sequence; there might be more than one
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conserved domain in the target sequence; and maybe the target sequence only contains a smaller
fragment of the conserved domain. Moreover, sequences may not be complete for technical reasons.

3.3

HMMER Model File

The HMMER format, displayed in figure 5, provides all the necessary parameters to compare a
protein sequence to a HMM, including the search mode of the HMM (local vs. global, and more),
the null (background) model, and the statistics to evaluate the match on the basis of a previously
fitted extreme value distribution.
3.3.1

The Null Model

Usually the null model is a simple one-state HMM that says that random sequences are sequences
with a specific residue composition. The null model used in HMMER and in our implementation
states the expected background occurrence frequencies of the 20 amino acids and also has a parameter, called p1 , which is the G→G transition probability, where G is the unique state of the null
model.
For protein models, by default, the 20 residue frequencies are set to the amino acid composition
of SWISS-PROT 34 4 , and p1 is set to 350/351, which comes from the fact that the mean length
of a protein is about 350 residues).

Figure 5: HMMER Model File
The format of the HMMER profile files consists of one or more HMMs. The format for an HMM
is divided into two regions. The first region contains text information in a tag-value schemes. This
section is ended by a line beginning with the keyword HMM. The second region is of a more fixed
whitespace-limited format that contains the main model parameters. It is ended by the // that
ends the entire definition for a single profile HMM (this allows including multiple HMM models in
the same file).
4

SWISS-PROT is a protein sequence database distributed by European Molecular Biology Laboratory (EMBL).
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In the header section, the important pieces of information for us are: the length of the model (the
number of match states), 8 “special” transitions for controlling the algorithm-specific parts of the
model (there are four transition probability distributions for N,E,C,J; each distribution involves 2
probabilities, the first one for “moving” and the second one for “looping”), the transition probability
distribution for the null model (single G state), the symbol emission probability distribution for
the null model.
The main model section starts with an atypical line; it contains 3 fields, for transitions from
the B state into the first node of the model. The remainder of the model has 3 lines per node, for
M nodes (where M is the number of match states, as given by the model length line). These 3 lines
are: the match emission line (K numbers for match emission scores, 1 per symbol, in alphabetic
order), the insert emission line (similar to the match emission line), the state transition line
(9 fields that represent state transition scores).
The insert emission and state transition lines for the final node M are special, as it has no insert
state, and no next node; the M → E transition score for the last node is always 0, because this
probability has to be 1.0. The way of computing probabilities from the HMMER scores is explained
in section 4.2.

3.4

Profile HMM Construction

In the construction of a Profile HMM, we need to focus on 2 problems.
1. The choice of the length of the model: it corresponds in fact to a decision on which multiple
alignment columns to assign to match states, and which to assign to insert states. We could
use a simple heuristic rule to decide this, like modeling by inserts the columns that are
more than half gap characters. Another solution would be to use a MAP5 algorithm. This
MAP algorithm, called the Match-Insert Assignment algorithm recursively calculates the log
probability of the optimal model for the alignment up to and including column j, assuming
that column j represents a match state (it is marked).
The probability parameters are estimated from the counts that are implied by marking
columns i and j, while leaving unmarked the intervening columns (if any). Further details
over the MAP algorithm can be found in [DEKM98].
2. Once the structure is chosen, the second problem that needs to be solved is how to assign the
probability parameters. The best way of doing this is to start with a “good” configuration
and to continue with a training phase, in order to refine the parameters (see Baum-Welch
algorithm in section 2.2).
Since the alignments are given, we can use the maximum likelihood estimators as a starting
point. We just need to count up the number of times each transition or emission is used,
and assign probabilities according to this. If we dispose of a very large number of sequences
in our training alignments, this method gives an accurate and consistent estimate of the
probabilities. However, it has problems when there are only a few sequences. The major
difficulty is that some transitions or emissions may not be seen in the training alignment,
and so would acquire zero probability, which would mean they would never be allowed in
the future. As a minimal approach to avoid zero probabilities, we can add pseudocounts to
the observed frequencies. The problem with the pseudocount approach is that only the most
rudimentary prior knowledge can be contained in a pseudocount vector. For this reason,
we need a lot of example data in the alignment, to get good estimates of the parameters.
5

Maximum Aposteriori Probability Algorithm
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Other proposed approaches that include better prior information are: a mixture of Dirichlet
distributions or substitution matrix mixtures.

3.5
3.5.1

Scoring Methods and Statistical Significance of Structural Alignment Scores
The Negative Log Likelihood (NLL) - Score

Instead of computing the probability P (O | H), the forward part of the forward-backward procedure, described in section 2.2.1 can be used efficiently to compute − log P (O | H), the negative
logarithm of the probability of a symbol sequence, given the model. We call this the negative log
likelihood (NLL)-score of the sequence. The average NLL-score of a training sequence is inversely
related to the likelihood of the model, and hence serves as a numerical measure of progress for
each iteration of the training procedure. The NLL-score can also be used to evaluate how well the
model fits a novel “test” sequence. In the case of the Viterbi’s algorithm, instead of calculating
the NLL-score for a sequence, which involves all the possible paths for that sequence through the
model, we compute the negative logarithm of the probability of the single most likely path for the
sequence.
Using logarithms allows seeing the probabilities in terms of “gap penalties”: − log P (xl(i) | si )
represents a penalty for aligning the amino acid xl(i) to the position represented by state si in the
model. The term − log P (si | si−1 ) corresponds to a penalty for using the transition from si−1 to
si in the model. If this is a transition from a match state to a delete state, then this represents
a gap-initiation penalty; if it is from a delete state to a delete state, it represents a gap-extension
penalty; if it is from a match state to an insert state, it represents an insertion-initiation penalty;
and if it is a transition from an insertion state to itself (a self-loop), then it represents an insertion
extension penalty. This means that profile HMMs model affine gap penalties [DEKM98].
3.5.2

The Bit Score

The HMMER bit scores reflects whether the sequence is a better match to the profile model (positive
score) or to the null model of non homologous sequences (negative score).
The bit score is a log-odds score in log base two (thus, in units of bits). Specifically, it is:
S = log2

P (O | H)
P (O | null)

where P (O | null) is the probability of the target sequence given a “null hypothesis” model of
the statistics of random sequence (the null model defined in section 3.3.1).
Thus, a positive score means the HMM is a better model of the target sequence than the null
model is.
3.5.3

E-value

Definition and General Description
In database search applications in computational biology, we generally wish to determine the
statistical significance of a score. Regardless of the means used to arrive at the score, we will
wish to know what the probability to see a given score, by chance, in a database of negative (non
homologous) sequences, is.
This is the purpose of the E-value. The E-value is calculated from the bit score. It tells you how
many false positives you would have expected to see at or above this bit score and therefore it is
the expected number of false positives with scores at least as high as your hit. Therefore, the lower
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E-value, the better it is; an E-value of 0.1, for instance, means that there is only a 10% chance that
you would’ve seen a hit this good in a search of non homologous sequences. The most common
thresholds are 0.01 and 0.05. More stringent values are usually used as it is considered that the
obtained results are not very accurate. The E-value is dependent on the size of the database you
search: the larger the database you search, the greater the number of expected false positives.
While the bit score is telling you how well the sequence matches your HMM, the E-value measures how statistically significant the bit score is. Generally, true homologs have both a good bit
score and a good E-value.
E-value Calculation Using Maximum Likelihood Fitting of Extreme Value Distributions (EVD)
We generally define the P-value as the probability of observing an event as strong or stronger
than you observed, given the null hypothesis; i.e., “How likely is this event to occur by chance?”.
Particularly for our case, a P-value is the probability of seeing at least one score S greater than or
equal to some score x in a database search of n sequences: P (S ≥ x | null). In the same manner we
can define the E-value, as the expected number of non homologous sequences with scores greater
than or equal to a score x in a database of n sequences: nP (S ≥ x | null).
We therefore need a solution for P (S ≥ x), the distribution of the score statistic x. Empirically,
if you obtain a score of 75, how should the P (S ≥ 75) probability be computed? First, we would
have to compute many scores using random queries and a random database, next summarize those
scores into a distribution and finally compute the area of the distribution to the right of the observed
score.
The problem that intervenes is finding the type of distribution correspondent to the set of sequence similarity scores. Analytical solutions for the distribution P (S ≥ x) only exist for ungapped
(no insertions and no deletions admitted) local alignments, where the distribution is an extreme
value distribution (EVD) (it looks similar to a normal distribution, but it has a larger tail on the
right), see figure 6.

Figure 6: Different Distribution Types
For the EVD we have the following distribution function:
P (S ≥ x) = 1 − exp[−e−x ],

(3.1)

and for the case of a particular type of score
P (S ≥ x) = 1 − exp[−e−λ(x−µ) ],

(3.2)

where µ is the location and λ is the scale factor.
For the case of gapped local alignments, simulations indicate that these scores also roughly obey
an extreme value distribution, but the relevant parameters can only be determined by simulation
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and empirical curve-fitting. Programs such as FASTA, BLASTA and in our case HMMER use such
techniques to fit observed score distributions to an EVD.
The simplest fitting method to implement is the linear regression method. However, the linear
regression method is significatively inferior to a second possible approach maximum likelihood.
Maximum likelihood (ML) fitting to the EVD has been described in the literature in [Law82] and
[Mot92] and has been implemented in HMMER, [Edd97]. Experiments showed that ML fit for 100
data points is better than the linear regression fit for 10,000 data points.
We may wish to fit only the right tail of the histogram, rather than the whole histogram; for
example, the left (low scoring) tail may be contaminated with very poor-scoring sequences that do
not conform to the EVD, so we do not wish to include them in the fit. We call this a fitting of
“censored” histograms.
HMMER, through his calibration program, attempts to do a robust EVD fit to an observed
histogram. It censors the data below the peak of the histogram, so it only fits the right side of
the curve; it removes outliers to the right first, by cutting above a given score and then iteratively
lowers the cutoff and reestimate µ and λ until the high cutoff is an estimated E-value of 1. Finally,
a certain loss of precision is introduced because it fits to a binned histogram rather than fitting
to a list of observed scores. On simulated EVD data with noise injected on the high side, the
implementation is moderately robust and 10,000 samples seem to be sufficient for reasonable fits.

4

Cyclic Profile HMMs

We deal with the problem of retrieving the repeated apparitions of given motifs in protein sequences.
In particular we are interested in the apparitions of the PPR related motifs in the Arabidopsis
thaliana PPR proteins. As input, we dispose of the profile models built for each given motif:
the 4 PPR motifs P, L, S, L2 and the 3 non-PPR motifs E, E+, DYW. The profile models were
constructed using HMMER, from sequence fragments alignments, as described in section 3. Given
the amino acid sequence of a protein, we need to identify the succession of the 7 motifs.
Like it was already mentioned, we propose a Cyclic Profile HMM structure.

4.1

Structure

In order to retrieve the motif sequence for the PPR proteins, we have to take into consideration the
information that we already have about the motif structure of this group of proteins. We know that
the PPR proteins’ sequences are generally divided into 2 structurally different parts [RBTNL06]:
• the initial part which is composed from repeated apparitions of the PPR motifs (as described
in figure 2);
• the final part (which can be missing) is composed from the 2 final PPR motifs and the 3 nonPPR motifs (depending on the class, as explained in table 1); this part is usually characterized
by single apparitions of each motif.
Therefore, the structure that we designed for this particular problem has 2 different parts (see
figure 7), in order to model the protein sequence in the best possible way:
• the cyclic profile HMM part; in the final version of the program this part of the structure is
composed of 3 profile models that are completely connected to each other: the profile model
built for P, the one built for L and the one built for S. It ends with the (T) state which has
transitions towards any of the final profile models and towards the final state of the structure,
17

Figure 7: Profile HMM Cyclic Structure
(F) (in order to model inclusively the proteins that have no final linear part, which belong to
the A class, see table 1). As the figure explains, we allow transitions between any 2 profile
models. This part of the structure is the most important, as it is the true innovation of our
approach.
• the linear profile HMM part; composed of 5 profile models that come one after the other, in
a fixed linear order. As to fit all 4 classes of proteins, it is possible to arrive in the final state
of the structure (F) from any of the final motifs (in order to model the 4 classes of PCMP
proteins, see table 1).
Figure 7 represents the schema of the implemented structure. The states that appear in the figure
have the following signification:
• the 2-circle states are in fact complete profile HMMs (the names of these states correspond
to the names of the motifs);
• S state has the same role as for the HMMER profile structure (see section 3.1); it is the initial
state of the model, non-emitter;
• N state has the same role as in HMMER; it is a random sequence emitting state (the probability distribution over all the symbols of the alphabet corresponds to the composition of
SWISS-PROT 34, like for the null model emissions, described in section 3.3.1). N is unaligned
to the sequence; it covers the initial section of the sequence that is not part of any motif;
• T state is the final state of the cyclic part of the structure. It is a non-emitter state that
connects the two parts: the cyclic and the linear one;
• F state is the non-emitter final state of the complete structure;
• C states play the same role as the J states in figure 4. As N, Cs are unaligned, random
sequence emitter states. Each C state models insertions between two consecutive motifs. The
final C state of the structure, that follows after the last of the profiles in the linear part of
the structure, has the same role as the C state from figure 4: modeling the final section of
the protein sequence, not part of any motif.
As mentioned, the 2-circle states are complete profile models whose internal structure is similar to
the structure of the HMMER profile models, see figure 4. Still, we brought some changes to this
structure, which are detailed in the 3 paragraphs below.
In the original structure, the transition from the B state (the begin state which enters the main
model) to the first match state of the model and also the transition from the last delete state to the
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E state (the end state which exits the main model), were eliminated (in the figure they were greyed
out). Internally in HMMER, these delete states exist in the “probability form” of the model (when
the model is being worked with in every way except alignments) but they are carefully removed
in the “search form” of the model (when the model is used for alignments). The problem appears
because of the J state. If a continuous non-emitting “mute cycle” were allowed (J, B, D states, E,
and back to J), dynamic programming recursions would fail. The probabilities for these paths are
being absorbed by the entry and exit probabilities.
For us the problem is slightly different and so, we allowed the 2 mentioned transitions (the
transition from the B state to the first match state and the transition from the last delete state
to the E state). In the case that such a continuous non-emitting “mute cycle” would appear, the
penalty for following the sequence of delete states (penalty in the sense that for entering a delete
state we have a very low score) would be so big, that we would obtain a much better score from
another possible state sequence; if not, if we do not obtain a better state sequence, it signifies that
the motifs were so alienated from the original ones, that we were not able to recognize any of them.
As we allowed the begin-delete and the delete-end transitions, we were able to suppress the
begin-match transitions, except the one to the first match state, and the match-end transitions,
except the one of the final match state towards the end (the probabilities for the begin-match
transitions were added up in order to obtain the single begin-match transition probability and the
probability for the single match-end transition becomes 1.0). We had another reason to eliminate
these match and towards match transitions: because we are doing global alignment to the model,
and so, we want to penalize any deletion of the initial or the final part of the profile model.
The cyclic structure is completely parameterised: the number of profile models that make up
this part of the structure can be modified, the transition probabilities between the models are given
as input and they can be modified as needed, transitions between any of the models are allowed,
but if we do not want to admit one of the transitions, we simply have to set that specific transition
probability to 0.
The structure, when referring to the implementation, was designed in order to benefit from
the particularities of this special type of HMM: most of the structure is linear, it is partitioned in
fully independent regions (there are no transitions that cross 2 regions, e.g. the match states of a
profile model are not connected to the match states of another profile model), for each state we
have a small limited number of entering transitions, e.g. from a match state we can only pass to
the next match state, to the next delete state, to the correspondent insert state, or, in the case of
the last match state, to the final state of the profile model. For combinatorial reasons (see section
4.3 for the number of states of the model) we can not create a general structure that could store
the probability transitions between any pair of states, but we need to particularize the structure
for every type of state. This, of course, changes completely the implementation of the Viterbi
algorithm (see section 4.3).

4.2

Transition Probabilities

We separate the transitions in 2 categories:
• the profile models internal transitions; the probabilities for these transitions are retrieved from
the HMMER profile model files;
• the profile models marginal states transitions, which refer to the transitions from the E and
the C states to the C and the B states, from N to the B states of the models from the cyclic
part of the structure and to the T state, from T to the B states of the models from the linear
part and to the F state; they are given in a separate file or computed evenly (the probability
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of a transition exiting from a state is 1.0 divided to the total number of transitions exiting
from that specific state).
4.2.1

Profile Models Internal Transitions Probabilities

The probabilities for the internal transitions are therefore computed from the scores given for these
transitions in the HMMER profile model files (the format of HMMER files was detailed in section
3.3).
As mentioned, HMMER files deal with scores and not with probabilities. Still, we need to
make the score conversion to probabilities in order to renormalizes the probability distributions to
sum to 1.0 and so, to eliminate minor rounding/conversion/numerical imprecision errors. Next,
we pass once again to scores. We need to work with scores instead of probabilities because scores
have a better range (probabilities can quickly converge to 0), and because the numbers are more
meaningful to a human reader to a certain extent: positive values mean a better than expected
probability, and negative values a worse than expected probability.
The score that we obtain is in fact the bit score from section 3.5.2. The calculation of scores
from probabilities is:
score = b0.5 + IN T SCALE ∗ log2 (prob/null − prob)c ,
so conversely to get a probability from the scores in an HMM save file:
prob = null − prob ∗ 2score/IN T SCALE ,
where INTSCALE represents an integer value used to scale the integer scores (the scores that we
obtain are too big to work with).
Notice that you must know the null probability to convert scores back to HMM probabilities.
For the match and the insert emissions, the null probability used to convert them is the relevant null
model emission probability. The match, insert, delete states transitions have 1.0 as null probability,
as like as B, and E state transitions.
4.2.2

Profile Models Marginal State Transitions Probabilities

The probabilities for the profile models marginal states transitions are given in a separate file or
computed evenly and afterwards, transformed in scores, as above. For N and C, the loop transitions
have the null model loop transition as null probability, and the move transitions have the null
model move transition as null probability; T and F, as they are non-emitter states, have 1.0 as null
probability.
We have tried to estimate as well as possible the probabilities of transition between the marginal
states of the profile models, employing the maximum likelihood estimation type. Using the existing
manual annotation, we quantified the number of times a motif came after another, the number of
times a certain motif started or ended the motif sequences, the number of times a PPR motif ended
the motif cyclic part of the motif sequence. Afterwards, we used the obtained counts to estimate
the transition probabilities, in the following manner:
1. the Ei → Ci and the Ci → Ci transition probabilities could not be estimated from the
manual annotation, as we lack information about the gap lengths between two consecutive
motifs. They were, therefore, estimated using the personal annotated sequences and then
eliminated from the probability distribution in order to compute the other E and C transition
probabilities;
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2. the Ei → Bj and the Ci → Bj transition probabilities (where i and j denote 2 motifs which
can be different or not) were estimated by dividing the number of times motif j follows motif
i in the annotated sequences by the total number of times the i motif appears;
3. the N → Bi transition probabilities (where i denotes one of the PPR motifs) were estimated
by dividing the number of times the i motif is the first motif of the motif sequence, over the
total number of amino acids that appear at the beginning of the protein sequence without
being assigned to a motif, added to the number of times each motif is the first one in the
sequence;
4. the N → N transition probability was estimated by dividing the total number of amino acids
that appear at the beginning of the protein sequence without being assigned to a motif, over
the same sum as for the N → Bi transitions;
5. the T → F transition probability was estimated by dividing the number of times one of the
cyclic motifs is the last one of the sequence (i.e., the times we do not have any linear part at
the end of the sequence) over the number of proteins;
6. the T → Bi transition probabilities (where i denotes one of the final non-cyclic motifs) were
estimated by dividing the number of times the motif i is the first of the linear motif sequence,
over the number of proteins;
A simple improvement to this counting technique was used: add 1 to each estimated count in
order to avoid 0 probabilities, and so, give a chance to every existing transition. Thanks to this
improvement, we were able to recognize even the exception cases. More about the results obtained
using the counting and the improved counting technique, in section 5.

4.3

Viterbi Algorithm

From all the state sequences that can generate a given amino acid sequence, we need the one with
the highest probability. Viterbi’s algorithm gives exactly this state sequence, see section 2.2.2 for
details.
The induction phase of the Viterbi algorithm consists of maximizing over all the possible previous states (of the current state) scores. Because of the huge number of states that compose the
HMM model: < 1×S +1×N +8×C +8×E +8×B +1×T +1×F +34×3 (match, insert and delete
states for P profile model) + 35 × 3 (L model) + 31 × 3 (S model) + 36 × 3 (L2 model) + 31 × 3
(S2 model) + 91 × 3 (E model) + 33 × 3 (E+ model) + 106 × 3 (DYW model) = 1219states >, we
could not possible try any 2 state combinations as in the original implementation of the algorithm.
The structure that we designed for this particular type of HMM gives us the opportunity to
implement a more efficient version of Viterbi’s algorithm (see the arguments in favour of this
affirmation in section 4.1). As already explained, every state of the model has a small limited
number of previous possible states; that is why the implementation of the algorithm must be fully
dependent on the typology of the structure, e.g. for a B state we need to verify, like previous states,
only the C and the E states (all the C and E states of the models in the cyclic part, in case B is
the begin state of a cyclic model, only the previous profile model C and E states, in case B is the
begin state of one of the linear final models), the N state (in case B is the begin state of one of
the cyclic models) and the T state (in case B is the begin state of one of the models from the final
linear part).
As a result, the score for the final state is the score of the best motif sequence for the given protein
sequence. During the algorithm we also build a traceback matrix that keeps, for every state, the
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previous chosen state. The traceback algorithm retrieves the corresponding state sequence, starting
from the final state and going backwards towards the initial state of the model. Once again, the
number of states asks for a lot of attention in the implementation phase; the dynamic programming
structures, used for computing the score and for retrieving the state sequence, are allocated and
resized using the reallocation procedures in place of the deallocation-allocation strategy.
In section 2.2.2 we mentioned that the Viterbi’s algorithm complexity is N 2 T , where N is the
number of states and T is the length of the symbol sequence. Taking advantage from the particular
structure of the profile models, HMMER manages to obtain a complexity linear in N, N T . In our
case, as we apply the same type of optimizations, we obtain a linear complexity in the number of
states, N T + N M o2 T , where N Mo is the number of profile models from the cyclic part. Even
though we obtain a square complexity in the number of motifs participating in the cyclic part, as
the number of such motifs is usually small (in our case 3), we still get a linear complexity.

4.4

Calibration of the Model

When searching a protein sequence with an HMM model, by using the Viterbi algorithm, we obtain
the best possible motif sequence, as explained in section 4.3. The problem with these scores is that
we are not able to measure their significance. Obtaining the statistical significance of a given score,
means computing the expectation value (E-value) of this score.
We have previously defined the E-value, as the expected number of non homologous sequences
with scores greater than or equal to a score x in a database of n sequences: nP (S ≥ x | null).
Analytical solutions for the distribution P (S ≥ x) only exist for ungapped local alignments, where
the distribution is an extreme value distribution (EVD). For the distribution function of the EVD,
see equation 3.2. Maximum likelihood (ML) fitting to the EVD is the best method of estimating the
µ and λ parameters (details over the EVD distribution parameters computation in section 3.5.3).
For example, for the computed EVD parameters µ = −26.876400 and λ = 0.423303, for a score
of −29.076000, we obtain an E-value of 0.92 and for a score of 784.775024, we obtain an E-value of
2.3e(−236).
The number of random generated sequences, for which we compute the histogram that is used
to do the fitting, is a parameter of the program; like HMMER, we usually use a number of 5000
random sequences that seems to be a pretty good choice; it was empirically chosen as a tradeoff
between accuracy and computation time.

4.5

Types of Output

Figure 8: FASTA Output
Our program offers 2 types of output:
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• the simple motif sequence output given in a format similar to the unaligned sequence FASTA
format (see figure 8): each sequence is preceded by a line starting with >; the first word on
this line is the name of the sequence. The remaining lines contain the motif sequence itself.
This is a standard format in bioinformatics and it is also the format of the manually annotated
sequences and so we use this type of output to make comparisons between the 2 set of results.
• the complete alignment of the amino acid protein sequence to the HMM model, with the
consensus correspondent for each symbol of the sequence and the motif correspondent to
each region of the protein sequence (see figure 9).
The top line is represented by the profile HMM consensus; the gaps between the motifs are
modeled by hyphens(-) and the insertions by “.”. The amino acid shown for the consensus
is the highest probability amino acid at that position according to the HMM. Capital letters
mean “highly conserved” residues: those with a probability larger than 0.5 for protein models.

Figure 9: Complete Alignment
The center line shows letters for “exact” matches to the highest probability residue in the
HMM, or a “+” when the match has a positive score and is therefore considered to be
“conservative” according to the HMMs view of this particular position in the model.
The third line shows the sequence itself; deletions are modeled by hyphens (-).
The last line shows the motif correspondent to each region of the sequence; it also aligns the
gap modeling states (N, C) to the amino acid sequence.
This type of output is extremely useful to the biologists, as it helps them retrieve the structure
of a particular motif, visualize the mutations that appeared in the motifs (eventually find new
motif variants). This global motif sequence alignment was never performed before.

5

Experiments

Along the implementation phase of the research project, we have done several types of experiments.
We have been experimenting different solutions for the marginal states transitions probabilities
(described in section 4.2) and different types of structures. The results have been estimated using
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the manually annotated sequences for the PPR proteins of Arabidopsis Thaliana (the annotation
of the protein sequences was done in the same format as the first type of output of our program, see
section 4.5). We also applied our HMM model on the proteins of the rice, for which we obtained the
first systematic annotation. The model was also tested on random chosen non PPR proteins
of Arabidopsis; the obtained results proved that the PPR-motifs are entirely specific to the PPR
proteins.
In the result tables the following notations are being used:
• same length sequences signifies the proteins for which we obtained a motif sequence with the
same length as the one obtained using manual annotation. The motif sequences that we
obtain (if they are different in length from the manually annotated ones) include the motif
sequences obtained using manual annotation (only the prefix or the suffix differ); we call the
proteins that enter in this category different length sequences;
• identical denotes the number of proteins which have exactly the same motif sequences for
both annotations; identical common part has the same meaning, only that this time we talk
about different length motif sequences aligned to the left or to the right (the common part
represents the regions in the 2 sequences that have the same length, equal to the minimum
length of the 2 sequences, obtained after the one side alignment);
• ≈identical includes the proteins with motif sequences that differ only for the motifs for which
the manual annotation is not sure of (marked with an interrogation sign);
• diff. signifies the proteins for which our program and the manual annotation gave completely
different results.
Observation It is important to underline the fact that for the proteins for which we obtained a
motif sequence of different length of the one obtained using manual annotation, the two lengths
usually differ by 1 or 2 motifs. Also, for the proteins for which we found a different annotation, in
the majority of cases the difference comes from 1 or 2 motifs (possibly because of an error in the
manual annotation).

5.1

Transition Probabilities Experiments

The transition probabilities experiments were done on the complete structure (that allows transitions between any of the cyclic motifs).
• probabilities estimated by counts: as explained in section 4.2.2 we used a maximum likelihood
parameter estimation, in a rough approach and in a slightly improved approach (by adding 1
to the obtained counts in order to allow the production of unseen situations).
• almost evenly distributed probabilities: equal probabilities for all the transitions that exit a
certain state. We call them “almost” even because, as it was empirically observed, the loop-N
transition probability should be very close to 1.0, in order to model the initial region of the
protein sequence that is not part of any motif.
We observed that giving a smaller probability to the loop-N transition determines the HMM
model to find additional not annotated motifs at the beginning of the protein sequence. This
is due to 2 causes: the beginning of the sequence is composed of very alienated motifs that
were not taken into consideration by the manual annotation, or, the model simply obtained a
better score when assigning several motifs to this part of the sequence than when considering
it as a gap.
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type of prob.
estimation
max. likelihood
estim.
improved max.
likelihood estim.
even distribution

same length sequences
identical ≈identical diff.

different length sequences
identical
≈identical
diff.
common part common part common part

95

30

6

37

18

10

94
97

30
33

7
9

38
33

17
13

10
11

Table 3: Comparative Results for the Transition Probabilities Experiments
The results obtained for the two types of probability distribution, are summarized in table 3.
Unexpectedly, the best results were obtained when using the almost even probability distribution
approach: we consider that we obtained the best results because we have found the largest number
of identical motif sequences, 97 from a total number of 196 proteins tested. The number
of proteins for which we obtained different motif sequences slightly increased. The explanation for
both results is that when using this type of distribution we make no initial assumption on the motif
structure of the proteins and so we do not favour any of the possible motif sequences; that is why
this solution is more suited to correctly annotate the exceptions but can be a little unstable for the
“normal” situations. The errors are detailed in the next section.

5.2

Structure Experiments

The different structure experiments were done using an even distribution for the probability transitions between the profile models.
• the observed structure with a final linear part which does not have all the possible transitions
between the cyclic profile models; we allow only: P → L, L → S, S → S and S → P , but
not P → S (see regular expression of PCMP in section 1.2.2). This type of structure used
the observations made on the manually annotated sequences, it is more efficient in terms of
execution time but it is not able to correctly annotate the exceptions.
Observation We obtain the same type of structure if we use a not improved maximum
likelihood estimation of the transition probabilities on the complete structure;
• the complete structure with a final linear part with all the possible transitions between the
cyclic profile models; it is slightly less efficient in terms of execution time but it is able to
annotate correctly the exception. It can be a little unstable when applied to the “normal”
motif sequences;
• generalised structure (the complete cyclic structure); it has no final linear part (all the motifs
are considered to be cyclic motifs and we have transitions between any of the 7 motifs). It
is less efficient in terms of execution time, less stable (it can easily confound a motif with
another, mostly in the case of the S motif which is very close to the P one)), but it is able to
recognize any appearing exceptions.
The observed structure is the structure with which we began our study. Because we thought
that using the observations that were made over the motif structure of the PPR proteins could
improve our results and also because we assumed that the huge number of states could seriously
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type of structure
observed
complete
generalised

same length sequences
identical ≈identical diff.
91
97
55

37
33
17

5
9
51

different length sequences
identical
≈identical
diff.
common part common part common part
30
20
13
33
13
11
29
12
32

Table 4: Comparative Results for the Structure Experiments
influence the execution time, the logical way to begin our work was to implement a particular, less
complicated structure. The next step was to implement a complete structure, more general and
with less previous assumptions. The final experiment was to try a completely general structure
which obtained less good results but which is most useful in the case of a generalisation of the
problem to any cyclic motifs on any type of proteins.
As it was expected, the best results were obtained for the second type of structure, which
represents the best compromise between generalisation, efficiency and correctness. The results
obtained for the 3 types of structures are summarized in table 4. The errors that appear are similar
to the ones obtained for the probability experiments, and are detailed in the next section.

5.3

Types of Errors

There are several types of errors that are likely to appear in our automatic annotation. Next, we
tried to list all possible errors and to give an explanation for of them.
• the program finds additional not annotated motifs at the beginning of the protein sequence;
the gaps in the manual annotation that have been filled with motifs in the automatic annotation can be introduced in the same category of errors.
Example: for the protein At4g14820, the manually annotated motif sequence is L − S − P −
L − S − S − P − L − S − P − L2 − S2 − E − E + −DY W ; we obtained the following additional
motif at the beginning of the sequence: P.
Explanation: alienated motifs at the beginning of the protein (or between 2 motifs) or just
that the model gives a better score for this motif sequence. For the additional motifs at the
beginning at the sequence, the solution that we tested was to increase the loop-N transition
probability; this generates a reduction of the number of additional found motifs.
• in the manually annotated data there are motifs of which we can not be sure of (probably
because they are alienated motifs) and so they are marked with an interrogation sign. For
this type of motifs, the automatic annotation can give a different solution; it is a problem of
interpretation.
Example: for the protein At4g35130 the manually annotated motif sequence is S −P −L−S −
P − L − S − S? − L − S − P − L − S − P − L2 − S2 − E − E + −DY W ; we obtained the following
motif sequence: S −P −L−S −P −L−S −P−L−S −P −L−S −P −L2−S2−E −E +−DY W .
In this case, the P motif is more likely to be correct.
• exceptions that the implemented structure is not able to recognize: for example repeated
apparitions of the E+ motif.
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Example: for the protein At3g53360 the manually annotated motif sequence is P −L−S −P −
L−S −P −L−S −P −L−S −P −L−S −P −L2−S2−E −E +−E+; we obtained the following
motif sequence: P −L−S −P −L−S −P −L−S −P −L−S −P −L−S −P −L2−S2−E −E+.
Solution: the structure can be easily transformed in order to allow new types of transitions.
In our case, the fact that we deal with an annotation error is most probable.
• single motifs are sometimes contradicted by the automatic annotation.
Example: for the protein At1g20230 the manually annotated motif sequence is S − P − L −
S − P − P − L − S − S − P − L − S − P − L2 − S2 − E − E + −DY W ; we obtained the following
motif sequence: S −P −L−S −P −P −L−S −P−P −L−S −P −L2−S2−E −E +−DY W .
Explanation: there could be errors in the manual annotation, or we obtain a better score for
that motif (this is influenced by the transition probabilities).

5.4

Summary of the Results for the Arabidopsis Thaliana Proteins

Having access to an expert manual annotation for the proteins of Arabidopsis thaliana, we were
able to verify our results and to decide the best choice of parameters. In the case of this family of
proteins, the best solution is to use the complete structure described in section 5.2 with an even
distribution for the transition probabilities. In this case we obtain 97 protein sequences perfectly
and 33 almost perfectly annotated between the proteins for which we obtained motif sequences
with the same length as the manually annotated sequences (from the total number of 196 proteins
tested); between the proteins for which we obtained motif sequences of different lengths, we got
33 identical and 13 almost identical on the common part (as explained in section 5.2). 20 proteins
had different annotated motif sequences and the errors that appeared have been explained in the
previous section.
We obtained the 4 class distribution of the PCMP proteins, described in table 1. An example
of a motif sequence annotated protein for each class is given next:
1. A >At3g26630: S − P − L − S − S − P − L − S − P − L2 − S2
2. E >At3g16610: L − S − P − L − S − P − L − S − P − L − S − P − L − S − P − L2 − S2 − E
3. F >At2g37320: L − S − P − L − S − P − L2 − S2 − E − E+
4. H >At4g15720: S − P − L − S − P − L − S − P − L2 − S2 − E − E + −DY W
The experiments done on the non PPR proteins from Arabidopsis thaliana gave us what we
have expected: the PPR proteins were not identified in the protein sequence.

5.5

Results for the Rice Proteins

The rice is one of the most important plant species in economy. The rice genome is the second plant
genome that has been completed; 505 PPR proteins were extracted from OryGenesDB, [DRL+ 06]
(GeneFarm gives a different number of PPR proteins but this difference appears only because they
changed the threshold used when searching the PPR motifs).
For the first time, a systematic annotation was made for the rice PPR proteins, annotation
that needs to be verified with a biology expert. The tests that we were able to make verify the
correctness of our annotation. We know that from the 505 PPR proteins, approximately 229 are
PPRP proteins and from the rest, which are part of the PCMP family, 88 belong to the H class.
Our annotation found 232 PPRP proteins and 88 PCMP proteins belonging to the H class.
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The experiments made on the rice prove the efficiency, in terms of execution time, of our
approach: for annotating the approximately 500 protein sequences, our program needed less than
1 minute.

6

Conclusions and Future Work

We designed a Profile HMM Cyclic structure that models the complex repetitions of multiple motif
combinations, we developed an efficient implementation and we finally obtained an annotation tool
that was used on the proteins from the PPR family, at the Arabidopsis thaliana and at the rice.
We verified our results by comparing them to the manual annotation.
As a result, our work is able to prove the capacity of the Profile HMM Cyclic structure to model
the problem in question. We verified the efficiency and the feasibility of the method in terms of
execution time, for a large number of sequences and a large number of motifs. The correctness of
the results was proved by comparing them to the manually annotated sequences.
After doing several experiments, we have come to create a general structure completely adaptable to new situations, and so we obtained an automatic annotation tool.
We obtained the first annotation for the rice proteins, annotation that needs to be verified with
a biology expert. Some preliminary tests that we were able to perform strengthened the confidence
in the correctness of our work.
One direction of development would be to try to identify the PPR motifs in proteins from other
species, which contain alienated versions of these motifs. We can also apply our annotation tool
for the retrieval of other repeated motifs in large protein families: leucine rich repeats, kelch motif
repeats (see [RBTNL06] for supplementary details).
An interesting paraphrase for our problem would be: searching for a black cat in a dark room,
not knowing whether it is there. The question becomes extremely difficult if you don not even
know what a cat is. In bioinformatics terms, a logical sequel of our work would be to pass from
the “recognition” problem to the extremely more difficult “inference” problem, that consists of
identifying the motifs, and afterwards passing to the recovery of the repeated apparitions of these
motifs.
The idea would be to completely predict the motif structure of a given protein sequence. This
means also predicting the structure of the model (the transitions between the retrieved profile
models). We would have to start from unaligned protein sequences and obtain the motifs that
appear and the motif structure for each protein sequence. This problem is very difficult even for
the prediction of one repeated motif; the existence of several repeated motifs increases the difficulty
level. We should probably make some initial suppositions that could lightly simplify the problem,
as for example choosing a fixed motif length.
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