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Abstract

This work describes the use of a hidden Markov model (HMM), with a reduced number of states, which simultaneously learns amino acid
sequence and secondary structure for proteins of known three-dimensional structure and it is used for two tasks: protein class prediction and
fold recognition. The Protein Data Bank and the annotation of the SCOP database are used for training and evaluation of the proposed HMM
for a number of protein classes and folds. Results demonstrate that the reduced state—space HMM performs equivalently, or even better in
some cases, on classifying proteins than a HMM trained with the amino acid sequence. The major advantage of the proposed approach is that
a small number of states is employed and the training algorithm is of low complexity and thus relatively fast.

© 2006 Elsevier Ltd. All rights reserved.

Keywords: Structure prediction; Fold recognition; Hidden Markov models; Protein classification

1. Introduction

The number of identified protein sequences has been in-
creased in the last years due to the extensive research in the
field. However, the majority of these sequences is not accom-
panied by any information about their function. One way to
understand their function is to link them with known pro-
teins in annotated databases, whose three-dimensional structure
(fold) is known. Computer methods for protein analysis address
this problem since they study the relations within the amino
acids sequence or structure. Since proteins have structural fea-
tures which define functional similarities, the need for structure
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estimation methods is high. Such methods are sequence-based
or protein attribute-based. The availability of protein attributes’
data is lower than the sequence information, either primary or
secondary, so we focus on exploiting sequence data for structure
prediction.

Protein computational analysis aims in structure estimation
and includes two protein classification tasks: fold recognition
and class prediction. Several methods have been proposed in the
literature for protein classification. Genetic algorithms (GAs)
have been applied for fold recognition [1] in order to exploit
sequence and secondary structure information. Artificial neu-
ral networks (ANNs) have been used to extract patterns from
databases of known structures in fold recognition problems [2].
Lately, ANNs assisted in improving the quality of alignments
between sequences and identified structures, which is a crucial
step for fold recognition [3]. Support vector machine (SVM)
have been used for multi-class protein fold recognition [4].
SVMs have also been used for predicting the three-dimensional
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structure of proteins [5]. In this case SVMs were used to trans-
form primary protein sequences into fixed-length feature vec-
tors and then predict their tertiary structure. Moreover, SVMs
have been employed in order to improve the accuracy of profile
to profile alignment for fold recognition [6].

The prediction of the structural class of a protein is addressed
through several methods based mainly on the amino acid com-
position of the protein. It is well known that the knowledge
of protein structural class assists in the determination of the
three-dimensional structure of a protein. If the structural class
of a protein is known, it can be used to considerably reduce the
search space of structure prediction processes, since most of
the structure alternatives could be eliminated and therefore the
structure prediction task is simplified and the whole process is
accelerated [7]. Various statistical methods have been proposed
to deal with this problem [8,9].

A review of sequence-based approaches reveals that hidden
Markov models (HMMs) are those most commonly used and
also demonstrate high performance. HMMs have been applied
for multi-class protein fold recognition [10] employing the se-
quence alignment and modelling (SAM) software [11]. Further-
more, secondary structure information can be incorporated in
the HMM and increase the fold recognition performance [12].
Karchin et al. [13] used the same approach and additionally
they have evaluated different alphabets for backbone geometry
and their effect on the classification performance. However, the
main drawback of HMMs is the employment of large model
architectures which require large data sets and high compu-
tational effort for training. As a consequence, in cases where
these data sets are not available, e.g. small classes or folds,
their performance deteriorates.

In this work, a novel classification tool for computational
protein analysis is proposed. It is based on a HMM with a re-
duced state—space topology. The model employs an efficient
architecture with a small number of states and a low complex-
ity training algorithm. Secondary structure information is in-
troduced to the model to increase its performance and it is used
in such a way that allows the use of the low complexity algo-
rithm. The number of states is equal to the number of the dif-
ferent possible formations of secondary structure. The model is
trained using the low complexity likelihood maximization algo-
rithm for each candidate class and fold. The problem addressed
is the multi-class classification of sequences, so the method
employed should classify a query sequence of unknown struc-
tural category in one of the candidate categories. The proposed
model is evaluated in two different tasks, i.e. class prediction
and fold recognition, and in two different data sets, a high ho-
mology data set and a low homology data set. For class pre-
diction a Bayesian multi-class classification approach is used
while for fold recognition a two-stage classifier is adopted (see
also Fig. 2). The obtained results are equivalent or even better
than other similar approaches in the high homology data set.
However, this does not happen for the low homology data set,
since the performance is decreased. The major advantage of the
proposed approach is that the computational load of the model
is significantly smaller than conventional methods based on full
HMM.

0

%

Fig. 1. Topology of the reduced state-space HMM (H, B, ..., S are the letters
of DSSP secondary structure alphabet).

In the following paragraphs, the methodology is presented
and the training and scoring procedures of the proposed model
are explained. The employed data sets are described next, as
well as, the implementation of the overall classification process.
In the results section the performance of the reduced HMM is
demonstrated for the class and fold classification tasks. Finally,
the advantages and disadvantages of the proposed method are
discussed.

2. Methods

HMMs are a highly effective means of modelling a family of
unaligned sequences. The trained HMM can then be used for
discrimination. The HMMs that have been used for sequence
modelling until now consist of a set of positions that correspond
to columns in a multiple alignment. In this work a HMM with
a smaller topology containing a limited number of states is
adopted.

The reduced state—space HMM that is introduced adopts the
learning approach used in all protein classification problems,
which is to train a model using a set of known sequences (train-
ing set). The reduced HMM is used in modelling families of
biological sequences and its utilization is an efficient method to
implement unsupervised learning in protein sequence data. Ac-
cording to that implementation, the training set sequences are
considered to be produced by the model. The aim of the learn-
ing procedure is to maximize the likelihood of the model given
the training data. This likelihood is maximized when the likeli-
hood of the training data, given the model, is maximized. The
likelihood of the training data is the product of all likelihoods
of the training sequences. So the probability parameters of the
model which are calculated must satisfy the above criterion.

The reduced state—space topology uses the mathematical
framework of a typical HMM. It models a series of observa-
tions based upon a hypothesized (hidden) process. The model
consists of a set of states S and a set of possible transitions 7'
between them (Fig. 1). Every state emits a signal based upon a
set of emission probabilities and then stochastically transmits
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Fig. 2. The two-stage HMM classifier. In the first stage the appropriate class is identified while in the second stage the correct fold is determined.

it to some other state with a probability depending on the pre-
vious state. This procedure is repeated until all the observed
signals are emitted. There is a starting state where the process
starts and transition probabilities also exist from the starting
to each possible state. The sum of these probabilities is unity
and so is the sum of emission probabilities of possible signals
in each state and the sum of transition probabilities from each
state to each next state possible. The observer does not know
which is the exact state that produces each signal, because the
state is hidden. This is a feature that differentiates the model
from other stochastic models that do not belong to the HMM
category.

Another such characteristic is the Markov property, that is,
given the value of the previous state S; — 1 the current state
S; and all future states are independent of all the states prior
to t — 1 [14]. The particular feature of the reduced state—space
HMM, which differentiates it from other HMMs, is that it uses
the secondary structure information in such a way that the states
of the model will depict the possible different secondary states.
The correct classification among different structural groups de-
mands the use of the secondary structure information and not
only that of the primary structure. We use secondary structure
sequences which are employed in the context of our HMM as
hidden state sequences. This offers the advantage of employing
a HMM with a small number of states, equal to the number of

the different letters in the definition of secondary structure of
proteins (DSSP) alphabet [15], representing the possible sec-
ondary structure formations where each amino acid residue is
found. It should be noted that the set of letters in the DSSP
alphabet is {H, B, E, G, I, T, S}. Moreover, the state sequence
of each primary sequence produced by the model is known
and that fact allows us to use a low complexity training algo-
rithm based on likelihood maximization [14]. So we can avoid
complicated iterated learning procedures like the Baum—Welch
algorithm [16], which is commonly used in other approaches.

2.1. Model training

There are seven different hidden states in the model corre-
sponding to the underlying secondary structure. In the DSSP
approach an eighth letter is also determined, which indicates
unknown structure. However, we do not use an eighth state in
our method, so the amino acid residues with unknown structure
are skipped during the modelling process.! The states of the
model are fully connected, that is all possible transitions be-
tween them are allowed. The topology of the model is shown
in Fig. 1. In the training set, there is one to one correspondence

! The introduction of an eighth state provided poorer classification results

during the validation phase and was therefore omitted.
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between the amino acid and the secondary structure residues,
thus for each state the distribution over all possible amino acid
residues is estimated. There are 21 possible residues which are
the variables in each distribution, the 20 different amino acids
and one more residue indicating amino acids of unknown ori-
gin. The total number of the model parameters is 7 x 21 for the
possible emissions, 7 x 7 for the possible transitions between
states and 1 x 7 for the transitions from the beginning, yielding
a total of 203 parameters.

As already mentioned, the likelihood maximization algo-
rithm was employed to train the reduced state—space HMM.
Following this training procedure, the emission and transition
parameters are calculated in one step with the use of the max-
imum likelihood estimators. If ay; is the transition probability
from state k to another state / (Fig. 1) and e;(b) the emission
probability of the residue b in the state k, then the estimators
are given by the following equations, which are the estimation
equations in the HMMs when the state sequences are known
[14]:

b v M
and
Ex(D)
by = — 2 2
ewb) = 5—p 0 )

where Ay is the number of times that the transition from & to /
is observed and E(b) is the number of times the emission of b
from k is used in the training test of sequences. Whenever there
is a state k never been used in the set of example sequences, then
the estimation equations are undefined for that state (numerator
and denominator will have zero values). In order to avoid such
problems it is preferable to add predetermined pseudocounts to
the Ay and Ey(b) before using Egs. (1) and (2), thus we have

Ay; = (number of transitions k to / in training data) + ry;,
(3)
E(b) = (number of emissions of b from k) + rr(b). 4)

The pseudocounts ry; and r;(b) should reflect our prior biases
about the probability values. In our case there is actually not
prior belief, which means that r; =7 (b) = 1. This implies that
the prior distribution of amino acids in each emission state and
the prior distribution of transitions from each state is considered
to be the uniform distribution. Thus, the use of pseudocounts
is confined here only to avoid overfitting and does not include
the incorporation of some specific prior knowledge.

2.2. Model scoring

We deal with a multi-class classification problem, and the
method used should classify a sequence of unknown structural
category in one category among many others. The decision will
be based on the Bayes theorem, which claims that the proba-
bility of a particular model given a sequence is proportional to
the probability of the sequence, given the model. The latter is
the likelihood of the sequence and can be calculated since the

parameters of the model are known after the learning process.
In order to evaluate the performance of the reduced state—space
HMM the posterior probability scores are used. These scores
are logarithmic forms of the probability of the sequence, given
the model. According to the Bayes theorem, the test sequence
is classified to that group whose model gives the maximum
probability compared with the probabilities produced from all
the other models of the candidate groups.

The data which is used in the experiments are separated in
training and test sets. The test set contains only primary se-
quences, as all information concerning the structure of a pro-
tein is considered unknown. Log-likelihood scores are adopted
for evaluating the reduced state—space HMM. These scores will
be calculated for each class model in the class prediction case
and for each fold model in the fold recognition case. In addi-
tion, the likelihood score for a sequence against a model is di-
vided with the score of that sequence against the so-called null
model. The null model assumes that the amino acid symbols
are independent at each position, and assigns fixed emission
probabilities based on the uniform distribution over the pos-
sible amino acids. Consequently, the log-likelihood score of a
sequence against the null model is given as

Pm(xp)
“ Py(xp)’

where the quantity P, (x,) represents the probability that a se-
quence x, has been produced by model m and Py(x) the prob-
ability that the same sequence has been produced by the null
model. This kind of scoring has been selected so that the ef-
fect of differences in length among sequences will be reduced.
The criterion for selecting the model, which best classifies a
particular protein, is to choose the model with the highest pos-
terior probability for a given part of evidence. Thus, the model
selected as the best classification for the protein x, would be
model m; such that Py, (x,) > P (xp) forall i # j, or equiv-
alently scorey,; (xp) > scorey; (xp). The posterior probabilities
correspond to the log-likelihood scores against the null model.
The posterior probabilities are calculated with the use of the
forward algorithm [14], which estimates the probability that a
sequence has been produced by a HMM by adding the proba-
bility of all possible paths of the sequence through the model.
It is necessary to use logarithms in order to avoid underflow
problems appearing when a product of probabilities has to be
computed. Finally, a Bayesian classification table is constructed
for each aspect of the classification problem, fold recognition
and class prediction.

(%)

score(x)) = log

3. Data set

In order to validate the proposed classifier, an appropriate
group of protein sequences, both primary and secondary, have
been selected from the protein data bank [17]. The members
of this group should correspond to a specific class or fold of
the structural classification of proteins (SCOP) database [18],
depending on the type of the problem. Then these sequences
form the training set that is used in the classification problem.
The test set used for each case consists of a group of primary
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Table 1
The employed high and low homology data sets. The high homology data set includes data from four SCOP classes and 29 SCOP folds
Fold Index High homology data set Low homology data set
Number of Number of Number of Number of
sequences sequences in sequences in sequences in
in the the test set the training the test set
training set set
All alpha proteins 287 282 260 131
Globin-like al 48 47 21 11
Cytochrome ¢ a3 33 32 20 10
DNA-binding 3-helical bundle a4 100 99 103 52
Four-helical up-and-down bundle a24 29 28 28 15
EF-hand a39 46 46 31 15
SAM domain-like a60 - - 25 12
Alpha-alpha superelix all8 31 30 32 16
All beta proteins 743 738 406 203
Immunoglobin-like beta sandwich bl 445 444 132 66
Common fold of diphtheria b2 - - 20 10
Cupredoxins b6 33 33 - -
Galactose-binding domain-like bl8 - - 21 10
ConA-like lectins/glucanases b29 41 40 24 12
SH3-like barrel b34 46 46 44 22
OB-fold b40 62 61 61 31
Trypsin-like serine proteases b47 41 40 25 12
PH domain-like b55 - - 24 12
Lipocalins b60 27 26 - -
Double-stranded beta-helix b82 - - 28 14
Nucleoplasmin-like b121 48 48 27 14
Alpha and beta proteins(a/b) 628 625 658 329
(TIM)-barrel cl 161 160 143 71
NAD(P)-binding Rossmann fold c2 93 93 91 46
FAD/NAD(P)-binding domain c3 - - 22 11
Flavodoxin-like c23 48 48 58 29
Adenine nucleotide c26 25 25 35 17
P-loop containing nucleotide c37 105 104 91 46
Thioredoxin-like c47 54 54 39 20
Ribonuclease H-like motif c55 43 43 31 15
Phosphorylase/hydrolase-like c56 - - 20 10
S-adenosyl-L-methionine c66 29 29 40 20
PLP-dependent transferases c67 30 29 31 15
Hydrolases c69 40 40 34 17
Periplasmic binding protein-like II c94 - - 23 12
Alpha and beta proteins(a + b) 254 251 189 95
b-grasp d15 61 60 44 22
Cystatin-like d17 - - 20 10
MHC antigen-recognition domain d19 31 30 - -
Ferredoxin-like ds8 104 104 102 51
Protein kinase-like (PK-like) d144 28 27 23 12
C-type lectin-like d169 30 30 - -

The sequences come from the ASTRAL95 SCOP 1.67 data set, where no sequences with similarity up to 95% with each other are contained. The folds that
contain at least 50 members are used. The low homology data set includes data from four SCOP classes and 34 SCOP folds. The sequences come from the
ASTRAL40 SCOP 1.69 data set, where no sequences with similarity up to 40% with each other are contained. The folds that contain at least 30 members

are used.

sequences whose class or fold is considered unknown, but is
actually known from the SCOP database. Thus, we are able to
evaluate the effectiveness of their classification in the correct
group after the experiments.

The PDB sequence files include no structural categorization
of their data, and this kind of information must be provided

by the SCOP database. There is a hierarchical categorization
of proteins with known structure in the SCOP database, where
class is the upper level and folds, superfamilies and families
follow. Here we deal with the problem of classifying a sequence
in one of the categories of the two higher levels, that is in a class
or in a fold. This implementation field is chosen because among



1216 C. Lampros et al. / Computers in Biology and Medicine 37 (2007) 1211—1224

members of a superfamily or a family there is a quite high
similarity in their primary sequence residues, so the existing
methods of protein classification can deal with this aspect of
the problem adequately [10].

We used two different data sets, a high homology data set
and a low homology data set. The proteins with higher homol-
ogy come from the ASTRAL95 SCOP 1.67 data set, where no
proteins with more than 95% similarity are contained. On the
other hand, the proteins with lower homology come from the
ASTRALA40 1.69 data set, where only proteins with less than
40% similarity are included. The primary and secondary struc-
ture information was extracted from the PDB database. Both
databases (PDB and SCOP) contain similar identifiers for the
protein sequence information and the data from both databases
are combined, so that SCOP will provide the identity and the
category of the protein and PDB its primary and secondary
content. This is realized for each class and fold to be tested.
The data sets used in the current study are shown in Table 1.
In the high homology data set, the four most populated classes
are used for the class prediction experiment. Moreover, the 29
most populated SCOP folds, and specifically those with at least
50 members, are used to derive the training and test data for the
fold recognition experiment. In the low homology data set, the
34 most populated folds (those with at least 30 proteins in this
case) of the four major classes are used for the fold recognition
experiment.

4. Results

The reduced HMM is compared against SAM which is con-
sidered as the most effective method that employs HMMs for
protein classification [19]. The same training and test sets were
used for both methods.

In the class prediction task, four reduced HMMs are trained
which correspond to the relevant SCOP classes. Then the mem-
bers of the class test sets of the high homology data set are
scored against them and the prediction accuracy for each class
is determined. The prediction accuracy is the number of test
proteins uniquely recognized as belonging to a specific class,
divided by the total number of test proteins belonging to that
class.

The fold recognition task includes the training of 29 reduced
HMMs for each one of the 29 most populated SCOP folds of
the high homology data set. A two-stage classifier is adopted
here (Fig. 2). In the beginning, the initial test sets for fold
recognition are filtered through the class models. The final test
sets consist of those test sequences that were classified in the
correct class when compared with the four class models. So the
class prediction task acts as the first stage of the fold recognition
task. In the second stage, the test sequences are scored against
all the models of the relevant class and the prediction accuracy
is calculated for all folds. The prediction accuracy is the number
of test proteins uniquely recognized as belonging to a specific
fold divided by the total number of proteins belonging to the
initial test of each fold and not to the number of those that have
remained after the filtering of the first stage (class prediction).
In a similar manner, the SAM performance was estimated.

The posterior probabilities in the case of the SAM models,
which are compared with our models, correspond to the nega-
tive log-likelihood scores of each sequence. The only difference
is that when the negative log-likelihood is decreasing, the poste-
rior probabilities are increasing, so an unknown protein should
be assigned to that model which gives the lowest negative log-
likelihood score for the specific primary sequence. Relying on
the scores themselves to decide which SAM model provides
with the best classification is not a reasonable choice because
the scores assigned by different models are not comparable as
they depend on the model length. The model length changes
when a different training set is used, unlike when using the re-
duced HMM. Di Francesco et al. [20] showed that the decision
in that case is based upon ranked scores, which means that the
higher the rank assigned by a model to a query sequence, the
more we believe that the model produced that sequence. In the
output files containing the scores given by SAM for a test set
against a model these scores are already ranked. So each test
sequence will be assigned to that SAM model which gives the
highest rank at that sequence among all others in the same test
set.

In the low homology data set, two experiments take place.
In the first experiment, 34 reduced HMMs are trained for each
one of the 34 most populated folds. Here only one stage was
adopted, because results in class prediction get worse. The test
sequences are scored against all folds of every class and the
prediction accuracy is calculated for all folds. The prediction
accuracy is the number of test proteins uniquely recognized
as belonging to a specific fold divided by the total number of
test proteins belonging to that fold. In the second experiment,
1513 reduced HMMs are trained for each one of the training
sequences of all folds. In that case the prediction accuracy is
calculated in the same way, but the test sequences are first
scored against the models of all proteins of every fold. Then
each protein is classified to the fold whose member is the protein
the model of which gave the maximum probability score among
all 1513 models of sequences used for training.

The results of the applications in the high homology data set
are shown in Tables 2—4. Specifically Table 2 demonstrates the
performance of the two-stage reduced HMM classifier com-
pared to that of SAM for class classification while Table 3 for
fold recognition. Table 4 shows the results of the second stage
only, so, in this case, the denominator of the prediction accu-
racy corresponds to the number of those proteins that have re-
mained after the filtering procedure occurred in the first stage.
Consequently, the numerical results presented in Table 3 are
the aggregate results from Tables 2 and 4. The results of the
experiments in the low homology data set are shown in Tables
5 and 6. Table 5 shows the performance of the reduced HMM
classifier when different models were trained for each fold and
Table 6 its performance when different models were trained for
each sequence of the training set of every fold.

In Tables 7 and 8, the classification results of our method for
each fold separately in the low homology data set are presented
in terms of Top 1-Top 5 sensitivity [21] for both experiments.
Top 1-Top 5 sensitivity is computed by considering a classifi-
cation as correct even if the actual (true) fold receives a score
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Table 2

Comparison in terms of prediction accuracy of the proposed model with SAM for the four SCOP classes (high homology data set)

Class index Reduced HMM prediction accuracy

SAM prediction accuracy

A 200/282 70.9% 182/282 64.5%
B 475738 64.4% 438/738 59.4%
C 327/625 52.3% 340/625 54.4%
D 94/251 37.5% 126/251 50.2%
Overall 1096/1896 57.8% 1086/1896 57.3%
Table 3

Comparison of the proposed model with SAM for the 29 SCOP folds (overall classification in the high homology data set)

Fold index Reduced HMM prediction accuracy SAM prediction accuracy

al 32/47 68.1% 30/47 63.8%
a3 17/32 53.1% 23/32 71.9%
a4 39/99 39.4% 30/99 30.3%
a24 10/28 35.7% 8/28 28.6%
a39 33/46 71.7% 33/46 71.7%
all8 8/30 26.7% 7/30 23.3%
Overall class A 139/282 49.3% 1317282 46.5%
bl 301/444 67.8% 79/444 17.8%
b6 5/33 15.2% 23/33 69.7%
b29 23/40 57.5% 17/40 42.5%
b34 1/46 2.2% 17/46 37%
b40 0/61 0% 5/61 8.2%
b47 10/40 25% 19/40 47.5%
b60 3/26 11.5% 6/26 23.1%
bl21 38/48 79.2% 14/48 29.2%
Overall class B 381/738 51.6% 180/738 24.4%
cl 10/160 6.3% 24/160 15%
c2 42/93 45.2% 24/93 25.8%
c23 1/48 2.1% 3/48 6.3%
c26 2/25 8% 4/25 16%
c37 8/104 7.7% 7/104 6.7%
c47 5/54 9.3% 10/54 18.5%
c55 6/43 14% 8/43 18.6%
c66 1/29 3.4% 2/29 6.7%
c67 8/29 27.6% 9/29 31%
c69 15/40 37.5% 12/40 30%
Overall class C 98/625 15.7% 103/625 16.5%
d15s 12/60 20% 25/60 41.7%
d19 19/30 63.3% 22/30 73.3%
ds8 8/104 7.7% 20/104 19.2%
dl144 14/27 51.2% 727 25.9%
d169 8/30 26.7% 22/30 73.3%
Overall class D 61/251 24.3% 96/251 38.2%
Overall 679/1896 35.8% 510/1896 26.9%

between the first and fifth highest ones. For example, the Top
5 sensitivity provides the five most probable folds that the un-
known protein belongs to. In our case this sensitivity reached
up to 47.6% when different models are trained for each one
of the folds and 47.9% when different models are trained for
every sequence in the training set. We have not calculated the
Top 1-Top 5 sensitivity in the high homology data set due to
the use of the two-stage classifier.

Finally, receiver operating characteristic (ROC) analysis [22]
was performed for our method and for all experiments for high

and low homology data set. The analysis followed the class ref-
erence formulation, where each class is considered separately
against all others. The ROC curves with the corresponding ar-
eas under curves (AUC) for all folds are shown in Fig. 3 for
the first experiment in low homology data set. The multi-class
AUC is calculated by using the following formula [23]:

AUCiot = Y AUC(c;) p(ci), (6)
Ci eC
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Table 4

Comparison of the proposed model with SAM for the 29 SCOP folds (second stage only, in the high homology data set)

Fold index Reduced HMM prediction accuracy SAM prediction accuracy

al 32/33 97% 30/38 78.9%
a3 17/20 85% 23/26 88.5%
a4 39/69 56.5% 30/53 56.6%
a24 10/18 55.6% 8/13 61.5%
a39 33/40 82.5% 33/39 84.6%
all8 8/20 40% 7/13 53.8%
Overall class A 139/200 69.5% 131/182 72%
bl 301/363 82.9% 79/309 25.6%
b6 5/11 45.5% 23/30 76.7%
b29 23/28 82.1% 17/19 89.5%
b34 1/7 14.3% 17/23 73.9%
b40 0/5 0% 5/12 41.7%
b47 10/15 66.7% 19/21 90.5%
b60 3/6 50% 6/6 100%
b121 38/40 95% 14/18 77.8%
Overall class B 381/475 80.2% 180/438 41.1%
cl 10/82 12.2% 24/80 30%
c2 42/72 58.3% 24/48 50%
c23 1/25 4% 3/25 12%
c26 2/13 15.4% 4/15 26.7%
c37 8/50 16% 7/68 10.3%
c47 5/16 31.3% 10740 25%
c55 6/20 30% 8/20 40%
c66 1/11 9.1% 2/13 15.4%
c67 8/16 50% 9/9 100%
c69 15722 68.2% 12/22 54.5%
Overall class C 98/327 30% 103/340 30.3%
d15s 12/20 60% 25/30 83.3%
d19 19/23 82.6% 22/22 100%
dss8 8/26 30.8% 20/41 48.8%
d144 14/14 100% 717 100%
d169 8/11 72.7% 22/26 84.6%
Overall class D 61/94 64.9% 96/126 76.2%
Overall 679/1096 62% 510/1086 47%

where AUC(c;) is the area under the class reference ROC curve
for the class (fold) ¢;, (i =1, 2,...,34), C is the number of
classes (folds) and p(c;) is the prevalence of class ¢; in the data.
Using Eq. (6) the AUC 1 is equal to 0.80 for the first stage
(class prediction) and 0.96 for the second stage (fold recogni-
tion) in the high homology data set. For the low homology data
set, the AUCq, is equal to 0.76 for the first experiment and
to 0.73 for the second experiment. All these values indicate an
effective classifier.

5. Discussion

We developed a model that employs a HMM with a reduced
state—space architecture for protein classification. The imple-
mentation of our model is based on the concept of its simul-
taneous training using both primary and secondary sequence
for class and fold modelling. Each hidden state of the model
corresponds to a possible secondary state an amino acid can
adopt, so the number of states is equal to the number of all

possible versions of secondary structure. For each state a prob-
ability distribution over all possible amino acids is estimated.
The model employs a fast learning algorithm based on the cal-
culation of the maximum likelihood estimators of all parame-
ters in a single step. After training, the probability score of un-
known sequences against the created models is calculated with
the use of the forward algorithm while Bayesian classification
tables are constructed for assigning the test sequences to that
category, either class or fold, whose model gave the maximum
probability score. In all cases, only the primary sequences of
proteins are needed in the test set.

In the case of the high homology data set, the classification
takes place in two stages. In the first stage the test sequences
are classified in the appropriate class and the results are vali-
dated. In the second stage the correctly assigned sequences of
the previous step are classified in the appropriate fold of their
corresponding class.

In the case of the low homology data set, there is only one
step and the test sequences are assigned in the appropriate fold
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Table 5

Comparison of the proposed model with SAM for the 34 SCOP folds (overall classification in the low homology data set). Different models were trained for
each fold

Fold index Reduced HMM prediction accuracy SAM prediction accuracy

al 5/11 45.5% 9/11 81.8%
a3 3/10 30% 6/10 60%
a4 5/52 9.6% 1/52 1.9%
a24 1/15 6.7% 2/15 13.3%
a39 6/15 40% 11/15 73.3%
a60 5/12 41.7% 2/12 16.7%
all8 6/16 37.5% 0/16 0%
Overall class A 31/131 23.7% 31/131 23.7%
bl 27/66 40.9% 22/66 33.3%
b2 0/10 0% 1/10 10%
b18 2/10 20% 3/10 30%
b29 2/12 16.7% 3/12 25%
b34 4/22 18.2% 8/22 36.4%
b40 4/31 12.9% 1/31 3.2%
b47 4/12 33.3% 7/12 58.3%
b55 5/12 41.7% 4/12 33.3%
b82 1/14 7.1% 1/14 7.1%
bl21 12/14 85.7% 0/14 0%
Overall class B 61/203 30.1% 50/203 24.6%
cl 1/71 1.4% 7/71 9.9%
c2 10/46 21.7% 8/46 17.4%
c3 2/11 18.2% 9/11 81.8%
c23 0/29 0% 8/29 27.6%
€26 1/17 5.9% 3/17 17.6%
c37 1/46 2.2% 21/46 45.7%
c47 2/20 10% 6/20 30%
c55 4/15 26.7% 2/15 13.3%
c56 0/10 0% 1/10 10%
c66 0/20 0% 4/20 20%
c67 1/15 6.7% 10/15 66.6%
c69 717 41.2% 2/17 11.8%
c94 5/12 41.7% 4/12 33.3%
Overall class C 34/329 10.3% 86/329 26.1%
d1s 4/22 18.2% 0/22 0%
d17 1/10 10% 0/10 0%
dss8 0/51 0% 2/51 3.9%
d144 5/12 41.7% 9/12 75%
Overall class D 10/95 10.5% 11/95 11.6%
Overall 136/758 17.9% 178/758 23.5%

after they have been scored against all candidate models. There
are two experiments in the low homology data set: in the first
one different models are trained for every candidate fold and
in the second one different models are trained for every protein
in each candidate fold.

The classification performance of the reduced HMM model
is tested by comparing it to a SAM model trained with the same
data sets. The SAM model is linear and its length is equal to
that of the multiple alignment which the SAM method gives
for the specific set. In the high homology data set, the compar-
ison shows that for the class prediction problem the reduced
HMM outperforms SAM in classes A and B and performs
worse in classes C and D (Table 2). As far as the fold recog-
nition problem is concerned, the reduced HMM approach is

again more efficient in classifying correctly those test proteins
whose folds are members of the classes A and B. Thus, for
the folds belonging to classes A and B the reduced HMM is
more accurate than SAM while the opposite happens for the
folds belonging to classes C and D. The total precision though
of our classification model based on the reduced HMM is bet-
ter than that of the model based on SAM (Table 3). The same
conclusion is drawn from the comparison of the performance
of both methods in the second stage, where the reduced HMM
is able to classify more sequences correctly in folds among
those already correctly assigned to classes (Table 4). On the
other hand, in the low homology data set, the reduced HMM
performs equivalently with SAM in the folds of classes A and
D, better in the folds of class B, but it performs worse in the
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Table 6

Comparison of the proposed model with SAM for the 34 SCOP folds (overall classification in the low homology data set) when different models were trained

for each sequence in the training set

Fold index Reduced HMM prediction accuracy SAM prediction accuracy

al 2/11 18.2% 5/11 45.5%
a3 0/10 0% 1/10 10%
a4 7/52 13.5% 13/52 25%
a24 1/15 6.7% 0/15 0%
a39 3/15 20% 1/15 6.7%
a60 1/12 8.3% 0/12 0%
all8 4/16 25% 0/16 0%
Overall class A 18/131 13.7% 20/131 15.3%
bl 18/66 27.3% 14/66 21.2%
b2 3/10 30% 0/10 0%
bl18 2/10 20% 0/10 0%
b29 3/12 25% 1712 8.3%
b34 0/22 0% 0/22 0%
b40 4/31 12.9% 3/31 9.7%
b47 1/12 8.3% 1/12 8.3%
b55 0/12 0% 1/12 8.3%
b82 0/14 0% 0/14 0%
bl21 2/14 14.3% 1/14 7.1%
Overall class B 33/203 16.3% 21/203 10.3%
cl 21/71 29.6% 11/71 15.5%
c2 9/46 19.6% 5/46 10.9%
c3 1/11 9.1% 0/11 0%
c23 4/29 13.8% 5129 17.2%
c26 4/17 23.5% 0/17 0%
c37 10/46 21.7% 9/46 19.6%
c47 2/20 10% 2/20 10%
c55 0/15 0% 0/15 0%
c56 0/10 0% 1/10 10%
c66 1/20 5% 2/20 10%
c67 2/15 13.3% 1/15 6.7%
c69 4/17 23.5% 0/17 0%
c94 3/12 25% 0/12 0%
Overall class C 61/329 18.5% 36/329 10.9%
d15s 1/22 4.6% 3/22 13.6%
d17 1/10 10% 1/10 10%
ds8 8/51 15.7% 8/51 15.7%
d144 0/12 0% 1/12 8.3%
Overall class D 10/95 10.5% 13/95 13.7%
Overall 122/758 16.1% 90/758 11.9%

folds of class C, which is the most populated one. In terms of
total precision the reduced HMM performs worse than SAM
in the first experiment (Table 5). But when different models
are trained for every sequence of the training set, the reduced
HMM performs better than SAM in terms of overall accu-
racy, even in the low homology data set (Table 6). Moreover,
the ROC analysis that is applied in all cases for our method
gives AUCoa1 values 0.8 for class prediction in high homol-
ogy data set, 0.96 for fold recognition in high homology data
set and more than 0.7 for both experiments in low homology
data set, which indicate good classification competence. Finally,
the Top 1-Top 5 sensitivity results (Tables 7 and 8) indicate
good performance for both experiments in the low homology
data set.

The results of other methods, apart from SAM, that use HMM
in protein classification, are not directly comparable with the
proposed reduced HMM. They either use different data sets
[10,12,13] or the application field is different and refers to the
superfamily level of SCOP structural categorization [24]. More-
over, in all those cases it is necessary to include the correspond-
ing secondary sequences in the test set, which is not the case in
our model. In other methods that do not employ HMMs, only
[4] refers to classification in SCOP folds and uses a different
data set coming from an older SCOP version.

The main advantage of the reduced HMM implementation
for classifying proteins in the appropriate class or fold is the
avoidance of iterative procedures that demand huge computa-
tional effort in training. A multi-class approach for structural
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Table 7

Classification results of the proposed method in terms of Top 1-Top 5 accuracy for every fold when different models were trained for each fold (low homology
data set)

Fold index Top 1 (%) Top 2 (%) Top 3 (%) Top 4 (%) Top 5 (%)
al 455 63.6 72.7 81.8 90.9
a3 30 60 80 80 100
a4 9.6 23.1 28.9 442 539
a24 6.7 133 13.3 133 13.3
a39 40 46.7 53.5 66.7 80
a60 41.7 41.7 50 66.7 66.7
all8 375 56.3 62.5 68.8 68.8
Overall class A 23.7 36.6 43.5 54.2 61.8
bl 40.9 53 59.1 66.7 69.7
b2 0 0 10 30 50
bl18 20 50 60 60 60
b29 16.7 50 66.7 66.7 66.7
b34 18.2 27.3 273 36.4 40.9
b40 12.9 25.8 38.7 484 484
b47 333 333 41.7 50 50
b55 41.7 58.3 58.3 75 83.3
b82 7.1 14.3 214 21.4 21.4
bl21 85.7 92.9 92.9 92.9 92.9
Overall class B 30.1 42.4 493 56.7 59.6
cl 1.4 2.8 7 19.7 254
c2 21.7 34.8 435 47.8 50
c3 18.2 36.4 45.5 45.5 45.5
c23 0 0 35 20.7 20.7
c26 59 235 23.5 29.4 353
c37 22 6.5 13 15.2 21.7
c47 10 40 55 65 65
c55 26.7 40 40 40 533
c56 0 20 20 30 40
c66 0 5 10 25 30
c67 6.7 26.7 53.3 60 73.3
c69 41.2 70.6 82.4 82.4 88.2
c94 41.7 66.7 66.7 66.7 66.7
Overall class C 10.3 21.3 28 35.6 40.4
d1s 18.2 22.7 27.3 27.3 31.8
d17 10 10 20 30 30
ds8 0 3.9 5.9 9.8 19.6
d144 41.7 41.7 50 50 50
Overall class D 10.5 13.7 17.9 21.1 27.4
Overall 17.9 28.6 35.1 42.6 47.6

classification with the use of HMMs was also adopted [24],
but there the complexity was quite high, as the model used
in [12] was adopted. Moreover, it is the only method, among
those using secondary sequence information for fold recog-
nition [12,13,24], where the knowledge of the secondary se-
quence of the target protein is not needed during the validation
process, due to the nature of the model’s architecture.

The proposed method provides equivalent or even better re-
sults than SAM, which, however, is of higher computational
complexity in the training of the model. In the reduced HMM
we have to train 203 parameters in total and the calculation for
each parameter takes place in just one step. On the other hand,
SAM employs a much higher number of parameters which are

calculated iteratively. SAM is currently considered as a very
effective method for protein classification based on HMMs.
However, this method has some specific limitations, that the re-
duced HMM overcomes. First, it uses a large number of states,
since its topology corresponds to a multiple sequence align-
ment among sequences and also, the length of the model is
similar to the length of the alignment. This leads to a huge num-
ber of parameters to be calculated, unlike the reduced HMM,
where there are only seven states and there is no need for se-
quence alignment. Second, SAM employs the Baum—Welch al-
gorithm [16] for training the model, which is an iterative pro-
cedure. Baum—Welch algorithm, given M training sequences
of length L and a model consisting of § states, has complexity
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Table 8

Classification results of the proposed method in terms of Top 1-Top 5 accuracy for every fold when different models were trained for each sequence in the

training set (low homology data set)

Fold index Top 1 (%) Top 2 (%) Top 3 (%) Top 4 (%) Top 5 (%)
al 18.2 18.2 18.2 27.3 27.3
a3 0 10 30 30 40
ad 13.5 21.2 32.7 40.4 46.2
a24 6.7 13.3 13.3 13.3 20
a39 20 26.7 26.7 26.7 40
a60 8.3 8.3 16.7 16.7 25
all8 25 37.5 56.3 62.5 62.5
Overall class A 13.7 20.6 29.8 34.4 40.5
bl 27.3 45.5 53 62.1 68.2
b2 30 30 30 40 40
b18 20 20 40 50 50
b29 25 50 50 50 50
b34 0 0 0 0 4.6
b40 12.9 22.6 25.8 29 45.2
b47 8.3 25 333 33.3 333
b55 0 8.3 16.7 25 25
b82 0 0 0 7.1 7.1
bl121 14.3 28.6 50 64.3 71.4
Overall class B 16.3 27.6 34 40.4 45.8
cl 29.6 49.3 62 71.8 80.3
c2 19.6 39.1 58.7 65.2 76.1
c3 9.1 27.3 36.4 54.6 72.7
c23 13.8 17.2 20.7 24.1 27.6
c26 23.5 35.3 353 52.9 52.9
c37 21.7 39.1 43.5 47.8 58.7
c47 10 15 20 20 20
c55 0 6.7 13.3 13.3 26.7
c56 0 0 10 10 10
c66 5 20 40 40 55
c67 13.3 26.7 46.7 46.7 60
c69 23.5 29.4 353 47.1 47.1
c94 25 41.7 58.3 66.7 66.7
Overall class C 18.5 32.5 43.2 49.5 57.5
dis 4.6 4.6 4.6 13.6 13.6
d17 10 10 20 20 20
d58 15.7 25.5 29.4 35.3 39.2
dl144 0 8.3 16.7 25 25
Overall class D 10.5 16.8 21.1 27.4 29.5
Overall 16.1 27.2 35.6 41.7 479

of O(MS?L) for each iteration. Moreover, many iterations are
required until the algorithm converges. The training algorithm
we have employed, which is based on likelihood maximization,
has complexity of O(1), which is independent of the size of
the training set. In addition, Baum—Welch locates a local max-
imum of the likelihood, while in the reduced HMM there is
an easily found global maximum, determined in only one step.
Finally, the employment of large models, generated by SAM,
is problematic when the size of the training set for some folds
is quite small.

On the other hand, the proposed model is not flexible. More
specifically, the number of states is always fixed and equal to
the number of possible secondary sequence states, so alternate
topologies cannot be tested, unless a different secondary struc-

ture alphabet is used. The model is simplified, so every pos-
sible future attempt to improve its precision should inevitably
be followed by increase of its size and complexity. Moreover,
the model provided lower classification results in data sets with
low homology which are considered as a more challenging task
in fold recognition.

As a possible future use the current model can also be applied
to secondary structure prediction tasks. Decoding the state se-
quence of a protein of unknown structure can reveal a highly
probable secondary sequence for that protein. Moreover, addi-
tional structural features can be incorporated like residue sol-
vent accessibility, for example. These features will add more
states in the model without significant increase in the complex-
ity. The ability of distinguishing folds among each other can be
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Fig. 3. ROC curves and areas under ROC curves (AUC) for all 34 folds for the experiment in which different models were trained for each fold in the low
homology data set. The multiclass AUC was 0.76.
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enhanced in that way with a small cost. But the incorporation of
a significant amount of information in an efficient way is a diffi-
cult task. In that case, a large number of calculations will prob-
ably be required while considerable amelioration of the results
will remain doubtful. Nevertheless, the reduced state—space
HMM implementation is a simplified, fast and efficient way to
address the problem of modelling structural categories.
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