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Abstract

The limitation of most HMMs is their inherent high dimensionality. Therefore we developed several
variations of low complexity models that can be applied even to protein families with a few members. In
this chapter we present these variations. All of them include the use of a hidden Markov model (HMM),
with a small number of states (called reduced state-space HMM), which is trained with both amino acid
sequence and secondary structure of proteins whose 3D structure is known and it is used for protein fold
classification. We used data from Protein Data Bank and annotation from SCOP database for training and
evaluation of the proposed HMM variations for a number of protein folds that belong to major structural
classes. Results indicate that the variations have similar performance, or even better in some cases, on
classifying proteins than SAM, which is a widely used HMM-based method for protein classification. The
major advantage of the proposed variations is that we employed a small number of states and the algorithms
used for training and scoring are of low complexity and thus relatively fast. The main variations examined
include a version of the reduced state-space HMM with seven states (7-HMM), a version of the reduced
state-space HMM with three states (3-HMM) and an optimized version of the reduced state-space HMM
with three states, where an optimization process is applied to its scores (optimized 3-HMM).
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1 Introduction

Today we possess a huge amount of sequence information
concerning proteins. The problem of determining the function of
these proteins requires the knowledge of their structures [1–3].
Many experimental methods for structure determination exist, such
as nuclear magnetic resonance (NMR) spectroscopy [4] and X-ray
crystallography. Nevertheless, the exact structure determination
remains expensive and time consuming. On the other hand, there
is an indirect way to make predictions for both structural and
functional attributes of a protein with unknown structure. Its
amino acid sequence can be compared with proteins in annotated
databases for which the 3D structure is known [1], since similarity
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in the structure of proteins typically results in similarity of their
function.

Moreover, proteins have similar structure if they share a com-
mon fold. Specifically, if proteins belong to the same fold category
they have the same major secondary structures in the same arrange-
ment and with the same topological connections. The fold of two
common proteins can be the same even when there is a very low
sequence similarity among them [5, 6]. The task of classifying
the proteins into the appropriate fold category is called fold
classification [7].

Fold classification can directly lead to the determination of the
tertiary (3D) structure of a protein. There are two main methodo-
logical approaches in tertiary structure prediction, the template free
methods [8–12] and the template-based methods [6, 13–29].
Template free methods try to directly approach the specific 3D
structure of a protein using energy minimization based on physical
principles rather than on previously identified structures. Template-
based methods use already known structures (templates) as candi-
date structures of the protein. They are further divided into two
categories. The first category consists of the 3D-1D fold recogni-
tion methods (otherwise called threading methods), which use a
scoring function that assesses the compatibility of the amino acid
sequence of unknown structure to already known structures
[13–18]. The second category consists of the comparative model-
ing methods, where sequence alignment is used to discern the
relationship between target sequence and template [6, 19–29].

Comparative modeling approaches are also known as sequence-
based approaches.

There are many different machine learning methods that have
been used for that purpose, such as HMMs [6, 19–21], genetic
algorithms [22], artificial neural networks [23], support vector
machinesSupport Vector Machines (SVMs) [24, 25], data mining
[26, 27], similarity networks [28], and FRAN and RBFRadial basis
function (RBF) networks [29].

Among these, HMMs have been widely used and also achieve
high performance. HMMs have initially been applied for protein
fold classification in the context of HMMER [19] and of the
sequence alignment and modeling (SAM) system [20]. Moreover,
secondary structure information was incorporated into HMMs [6]
to increase their fold recognition performance. A similar approach
was also used together with the evaluation of several backbone
geometry alphabets [21].

Nevertheless, the most important disadvantage of HMMs was
the use of models with many states, which demand much data and
significant computational effort for training [30]. Thus, it is neces-
sary to reduce the parameters of HMMs and also employ HMMs
that can be trained even with a small amount of data, while their
performance in fold classification is maintained. For this purpose
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we introduced different variations related to a HMM with a small
number of states (reduced state-space HMM or simply reduced
HMM), which is trained with both amino acid sequence and sec-
ondary structure for proteins whose 3D structure is known and it is
used for protein fold classification. In this chapter we discuss these
HMMmodels and a comparative analysis of these models in detail.

2 7-HMM

In the seven-state HMM model we propose the use of a simple
architecture with a small number of states and a training algorithm
with low complexity. We also incorporate secondary structure infor-
mation into the model, which is employed in such a manner that
enables us to use the low complexity algorithm and also improves
its performance. The emission states are equal in number to the
total of possible formations of secondary structure like helix (H), β
strands (B), and loops (S) (Fig. 1), and there is also a begin state.
The model is trained for each candidate fold. Its major advantage is
that the computational complexity of the training procedure of the
model is significantly smaller than the complexity of other current
methods based on larger HMMs [30].

The topology of the model employs the mathematical back-
ground of a typical HMM. It models a sequence of amino acids
through a hypothesized (hidden) procedure. The model contains a
number of states S (nodes) and a number of possible transitions T
(arrows) between them (Fig. 1). Every emission state emits an
amino acid based upon a set of emission probabilities. Then transi-
tion to some other emission state takes place with a probability

Fig. 1 Topology of the reduced state-space HMM. H, B, . . ., S are the letters of
DSSP secondary structure alphabet
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depending on the previous state. This process continues until all of
the amino acids of the protein sequence are emitted. There are also
transition probabilities from the begin state, where the process
starts, to each emission state. The sum of these probabilities is
equal to one and so does the sum of emission probabilities of all
possible amino acids in each state and the sum of transition prob-
abilities from each state to each next possible state. Another basic
feature of the model is theMarkov property, which assumes that the
current state St and all future states are independent of all the states
prior to the previous state St�1 [31].

The most important characteristic of the reduced state–space
HMM, which makes it different from other HMMs, is that it
incorporates the secondary structure information in such a manner
that each state of the model corresponds to a different type of
secondary structure. The correct assignment of the protein to its
structural group will be done not only with its primary structure
information but also with the use of its secondary structure infor-
mation. We use secondary structure sequences which are
incorporated in the context of ourHMM as hidden state sequences.
This allows the benefit of employing a HMM with a number of
states equal to the number of the different letters ({H, B, E, G, I, T,
S}, see Table 1) in the definition of secondary structure of proteins
(DSSP) alphabet [32], which means a small number of states. These
letters represent the possible secondary structure formations of
each amino acid. Moreover, the sequence of states for each amino
acid sequence produced by the model is known and that fact
enables us to employ a low complexity training algorithm based
on likelihood maximization [31]. So we can avoid the complicated
Baum–Welch algorithm [33], which is an iterative learning process
commonly used in other HMMs.

Table 1
Correspondence between letters of the DSSP alphabet and the letters of
the DSSP-EHL alphabet

DSSP Type
Corresponding letter
of the DSSP-EHL alphabet

H Alpha-helix H

G 310-helix H

I Π-helix H

E Extended(β-strand) E

B Residue in isolated β-bridge E

T Turn L

S Bend L
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All possible transitions between the states of the model are
permitted. There is also one to one correspondence between the
amino acids and the secondary structure formations in the training
set, which means that for each state we should estimate the distri-
bution over all possible amino acids. There are 21 possible amino
acids which are the variables in each distribution. Among them, 20
correspond to the standard amino acids that exist and one more
symbolizes amino acids of unknown origin. The total number of
the model parameters is 203, which is the sum of 7 � 21 para-
meters for the possible emissions, 7 � 7 for the possible transitions
between emission states and 1 � 7 for the transitions from the
begin state [30].

The likelihood maximization algorithm is used for the learning
procedure of the 7-HMM. By implementing this algorithm, the
emission and transition parameters are estimated in one step with
the use of the maximum likelihood estimators. The estimators are
calculated by the following equations, which are the estimation
equations in the HMMs when the state sequences are known [31]:

tkl ¼ T klX

l
0
T

kl
0

ð1Þ

and

ek að Þ ¼ Ek að Þ
X

a0
Ek a

0
� � ; ð2Þ

where tkl is the transition probability from state k to another state l
and ek(a) the emission probability of the amino acid a in the state k.
Also Tkl is the number of times that the transition from k to l takes
place and Ek(a) is the number of times the emission of α from k
takes place in the training set of sequences. Whenever there is a state
k that has never been used in the training set, then the estimation
equations are undefined for that state (numerator and denominator
will be equal to zero). In order to avoid this problem it is better to
add predetermined pseudocounts to the Tkl and Ek(α) before using
Eqs. (1) and (2), thus we have:

T kl ¼ number of transitions k to l in training datað Þ þ pkl ; ð3Þ

Ek að Þ ¼ number of emissions of α from kð Þ þ pk að Þ: ð4Þ
The pseudocounts pkl and pk(a) should reflect our prior beliefs about
the probability values. In our case we do not actually use any prior
knowledge, whichmeans thatpkl ¼ pk að Þ ¼ 1. This practicallymeans
that both the prior distribution of amino acids in each state and the
prior distribution of transitions from each state are considered to be
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the uniform distributions. Thus, the use of pseudocounts here simply
aims to avoid definitionproblems anddoes not include the incorpora-
tion of some specific prior knowledge [30].

The posterior probability scores are used for assessing 7-HMM
and they are otherwise called log-likelihood scores. These scores are
logarithmic probabilities of a test sequence, given the model of each
candidate fold. The test sequence is assigned to that fold whose
model gives the maximum posterior probability score compared to
the scores produced from all the other models of the candidate
folds. The sequences used for the assessment are divided into
training and test sets. The test set contains only amino acid
sequences, as all other forms of data related to the structure of a
protein are considered unknown. Moreover, the likelihood score
for a sequence against a model is divided with the score of that
sequence against the so-called null model. The nullmodel is based
on the assumption that the amino acids are statistically independent
at each position. It also gives fixed emission probabilities based on
the uniform distribution over the possible amino acids. Therefore,
the log-likelihood score of a sequence against the null model is
given as:

score xið Þ ¼ logz
Pm xið Þ
P; xið Þ ; ð5Þ

where Pm(xi) corresponds to the probability that a sequence xi has
beenproducedbymodelm andP; xið Þto theprobability that the same
sequence has been produced by the nullmodel. We have chosen this
type of scoring in order to limit the effect of length variations among
sequences. The criterion for selecting the fold category, where a
particular protein most possibly belongs, is to select the model that
gives the highest posterior probability score for that protein’s amino
acid sequence. Thus, the fold selected as the best classification for
protein xi would be model mi for which Pmi

xið Þ > Pmj
xið Þ for all

i 6¼ j, or equivalently scoremi xið Þ > scoremj xið Þ. The posterior proba-
bility scores correspond to the log-likelihood scores against the null
model and are calculated with the use of the forward algorithm [31].

The forward algorithm is necessary for calculating the proba-
bility of a protein sequence x given the model, when we do not
know the exact path π that produced the sequence. That probability
is given by the following equation:

P xð Þ ¼ Σπ P x; πð Þ: ð6Þ
If the number of states is K and the length of the test sequence

isN, the time complexity of the forward algorithm is O(K2N). It is
also necessary to use logarithms in order to avoid underflow pro-
blems, because such problems appear when there is the need to
calculate a long product of probabilities.
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3 3-HMM

In the 3-HMM version of the model we introduce specific improve-
ments in the reduced state-space model which lead to a substantial
increase in its ability to classify proteins in the correct fold category.
In the first improvement we change the topology of the model
while in the second the test proteins are scored against the 3-HMM
in a different manner [34].

More specifically, in the first improvement we use a different
alphabet in order to encode the secondary structure of the proteins.
The different possible secondary structure formations of each
amino acid are represented by the three-letter alphabet DSSP-
EHL instead of the seven-letter DSSP alphabet. As it is shown in
[21], the DSSP-EHL alphabet is a reduced representation of the
DSSP alphabet. Specifically, H, G and I correspond to H, E and B
to E, while T and S to L. Those amino acids which were considered
of unknown structure in the DSSP representation are considered as
loops (L) in the DSSP-EHL representation. The correspondence of
letters between the two alphabets is shown in Table 1. So, now we
employ three states in the model that correspond to the three
different possible formations of the underlying secondary structure
that each amino acid may have according to the DSSP-EHL alpha-
bet (Fig. 2).

In the 3-HMM model there are 3 � 21 emission parameters,
3 �3 transition parameters between the states and three parameters
for the transitions from the starting state. Therefore, the total
number of parameters is 75, which is much less than the 203
parameters which were used in the 7-HMM. In the first

Fig. 2 Topology of the HMM with three states. Each state corresponds to one of
the letters of the DSSP-EHL alphabet
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improvement the training and scoring procedures of the 3-HMM
model are the same with those of the 7-HMM.

In the second improvement, we maintain the model with the
three states for training, but we use a different way of scoring the
test proteins against the model. Our goal is to use also the second-
ary structure information of the test set proteins, which is not
possible when we employ the forward algorithm.When the forward
algorithm is used for scoring, the probabilities of all possible paths
of the amino acid sequence through the model are added. Alterna-
tively, we can compute the probability across the sequence of states
(path) that corresponds to the secondary sequence of each protein.
The use of the forward algorithm for scoring is necessary only when
the secondary structure of the test protein is unknown. But if the
secondary sequence is known, the path that produces the amino
acid sequence through the model is also known, so the calculation
of the score of each test protein becomes computationally less
expensive. So this time we use the secondary sequence in scoring
in addition to the primary sequence of test proteins and at the same
time scoring becomes simpler [34].

Specifically, we avoid the iterative procedure of the forward
algorithm in scoring each amino acid sequence. Here the path π*

of the amino acid sequence of the model is known, so the probabil-
ity of the protein sequence x is:

P xð Þ ¼ P x; π*
� �

: ð7Þ
Therefore, one step is needed for the calculations and the complex-
ity depends only on the length of the sequence. Thus the time
complexity is O(N).

4 Optimized 3-HMM

We apply the following optimization approach to the scores of the
3-HMM. First, the scores of the model are normalized between
0 and 1 for each protein classification. Then, a set of parameters are
added to the model, each one as a multiplier to the scores of each
category (fold). These parameters are initially set to 1, which cor-
responds to the actual scores calculated using the 3-HMM. The
parameters are subsequently introduced in the following optimiza-
tion function:

F D; pð Þ ¼ size Dð Þ � trace CMð Þ; ð8Þ
whereD is the training dataset of proteins, p are the parameters, size
(D) is the number of training proteins and trace(CM) is the correct
predictions of the model, measured as the sum of the diagonal
elements of the produced confusion matrix CM created for the
training set D. Therefore Eq. (8) can be formulated as an

20 Christos Lampros et al.



optimization problem. Different values for the parameters have an
impact to the value of the optimization function, since they affect
the confusion matrix. The result of the optimization procedure is
the optimal set of parameters p* [7].

The minimum value of F is 0 and this value is obtained if all
proteins are correctly classified. Thus, the minimization of the
above function increases the accuracy of the model by optimizing
the parameters for the folds. The local optimization strategy was
chosen, since an initial point is available (values of all parameters are
equal to 1, p ¼ 1) while the analytical calculation of the derivatives
of the objective function is computationally expensive. Based on
the above, we employed the Nelder–Mead simplex search method
[35] to solve the optimization problem. This is a direct search
method for multidimensional unconstrained minimization which
does not use numerical or analytic gradients.

The whole procedure is depicted in Fig. 3. The scores for each
fold and for each protein of the training set were entered into the
optimization procedure, along with the initial parameters (which
are all set equal to 1). The optimization procedure identifies the
optimal parameters, which are multiplied with the scores of the test
set proteins against the 3-HMM. The final scores were used for the
fold classification of the test proteins. It should be noted that the
training proteins correspond to the primary and the true secondary
structure of the proteins, while the test proteins correspond to the
primary and the predicted secondary structure of the test proteins.

Fig. 3 The optimization procedure applied to the 3-HMM for the identification of the optimal parameters for
fold classification
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5 Results and Discussion

5.1 7-HMM The 7-HMM was assessed with the ASTRAL40 [36] 1.69 dataset,
where only proteins with less than 40 % similarity are included. The
primary and secondary structure information was extracted from
the PDB database [37]. Moreover, the 34 most populated SCOP
[38] folds (those with at least 30 proteins in this case) of the four
major structural classes were used for the fold recognition experi-
ment [30]. In total, 1513 proteins were used for training and 758
for testing.

Two experiments took place. In the first experiment, 34
reducedHMMswere trained for each one of the 34most populated
folds. The test sequences were scored against all folds of every class
and the prediction accuracy was calculated for all folds. The predic-
tion 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 were 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 was classified to the
fold whose member was the protein the model of which gave the
maximum probability score among all 1513 models of sequences
used for training. The results of the experiments are shown in
Table 2.

The 7-HMM performance deteriorates slightly when different
models are trained for every sequence of the training set (it falls
from 17.9 % to 16.1 %), indicating the ability of 7-HMM to learn
families with fewer members. These performances were also com-
pared with SAM, which is considered as the most effective method

Table 2
Comparison of 7-HMM for the 34 SCOP folds when different models were
trained for each fold and when different models were trained for each
sequence in the training set

Foldsa
7-HMM accuracy
(fold models)

7-HMM accuracy
(sequence models)

Overall class A 31/131 23.7 % 18/131 13.7 %

Overall class B 61/203 30.1 % 33/203 16.3 %

Overall class C 34/329 10.3 % 61/329 18.5 %

Overall class D 10/95 10.5 % 10/95 10.5 %

Overall 136/758 17.9 % 122/758 16.1 %

aA ¼ all alpha proteins; B ¼ all beta proteins; C ¼ alpha and beta (a/b) proteins (mainly

parallel beta sheets); D ¼ alpha and beta (a + b) proteins (mainly antiparallel beta sheets)
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that employs HMM for protein classification [20, 39]. In the first
case the performance of SAM was 23.5 % while the second case it
dropped to 11.9 % [30]. These results indicate that models like
SAM, cannot perform adequately with insufficient data, in contrast
to the proposed 7-HMM architecture.

5.2 3-HMM The sequences used in the assessment of the improvements intro-
duced with the 3-HMM come from the newer ASTRAL40 SCOP
1.71 dataset, where again no proteins with more than 40 % similar-
ity are included [34]. Moreover, the SCOP folds of classes A, B, C,
and D, and specifically those which have at least 30 members, were
included. There were 38 such folds. In total, the training set
contained 1727 proteins and the test set 864.

Predicted secondary structure information was also needed for
our dataset. More specifically, it was necessary in the test set so that
we would be able to score the test proteins against the model not
only with their amino acid sequence but also using their secondary
structure sequence. The predictions were obtained from PSIPRED
[40], which provides reliability indices for all three secondary states
{E,H,L} for each residue in the query sequence.

The 3-HMMmodel was compared with the 7-HMMmodel in
order to assess the novelties introduced either in its structure (first
improvement) or in the way of scoring (second improvement).
Four experiments took place for this purpose using the same dataset
which includes data from the 38 folds. The comparison among the
results of those four experiments is shown in Table 3.

Table 3
Comparison among the 7-HMM, the 3-HMM when only primary structure is used in scoring, the
3-HMM when predicted secondary structure is also used in scoring and the 3-HMM when true
secondary structure is used for the 38 SCOP folds

Folds 7-HMM

3-HMM
(primary only) (o primary)
recognition accuracy

3-HMM (predicted
secondary)

3-HMM
(true secondary)

Overall class
A

39/140(27.9 %) 39/140(27.9 %) 54/140(38.6 %) 50/140(35.7 %)

Overall class
B

70/243(28.8 %) 74/243(30.5 %) 94/243(38.7 %) 115/243
(47.3 %)

Overall class
C

38/363(10.5 %) 53/363(14.6 %) 80/363(22 %) 97/363(26.7 %)

Overall class
D

18/118(15.3 %) 24/118(20.3 %) 32/118(28 %) 38/118(32.2 %)

Overall 165/864
(19.1 %)

190/864(22 %) 260/864(30.1 %) 300/864
(34.7 %)
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In the first experiment, we trained the 7-HMM for the 38
candidate folds. Then, the test set proteins were scored against all
models of candidate folds and were assigned to that fold whose
model gave the maximum posterior probability score. In the second
experiment, we trained the 3-HMM for the 38 candidate folds,
while the scoring and classification procedure remains the same. In
both cases, forward algorithm was used for scoring only the pri-
mary sequences against the model.

In the third experiment, we trained again the 3-HMM for all
candidate folds but we scored each test set protein against the
model by taking into account its predicted secondary sequence.
In the fourth experiment we replaced the predicted secondary
sequences of the test set proteins with the correct ones given by
PDB [37] and everything else remained the same as in the third
one. In that way we could theoretically assess the maximum perfor-
mance of the 3-HMM, given that the secondary structure predictor
is 100 % accurate.

We can see that the 3-HMM outperforms 7-HMM in the same
dataset as the performance increased by 2.9 % (from 19.1 % to
22 %). When we used also the predicted secondary structure in
scoring, the fold classification performance was further improved,
from 22 % to 30 %. Finally, when the correct secondary structure
was used in scoring, the fold classification accuracy in the fourth
experiment reached its maximum of 34.7 %.

5.3 Optimized

3-HMM

The performance of the optimized 3-HMM was compared against
the performance of the most effective version of 3-HMM, as well as
against the latest version of SAM (3.5). As a result two experiments
took place for this purpose.

The sequences employed in the experiments come from the
newest ASTRAL40 SCOP 2.03 dataset, where we did not include
proteins with more than 40 % similarity [7]. Moreover, the SCOP
folds of classes A, B, C, D, and G, and specifically those which have
at least 50 members, were included. We employed only the folds
with more than 50members so that there would be enough data for
proper training and testing (especially in the case of SAM). This
yielded a set of 42 such folds with 5024 sequences in total.

We also used tenfold cross validation for the evaluation proce-
dure, so the sequences were separated ten times in training and test
sets. Each time 90 % of the sequences of each fold were used as the
training set of the fold and the rest 10 % were used as the test set.
Furthermore, secondary structure predictions were needed for the
whole dataset, so predictions were obtained from SymPsiPred [41].
SymPsiPred is considered as a more effective method for secondary
structure prediction compared to PSIPRED which was used earlier
for assessing the 3-HMM [7].

In the first experiment, we trained the improved version of the
3-HMM for the 42 candidate folds, using both primary and true
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secondary structures of the proteins in the training set. Then the
test set proteins were scored against all models of candidate folds
and were assigned to that fold for which the model gives the
maximum posterior probability score. The test set proteins were
scored against the 3-HMM by employing not only their primary
structure but also their predicted secondary structure. Overall, the
3-HMM achieves a 37.8 % accuracy.

In the second experiment, we employed the optimization
method described above (Subheading 4) for the identification of
the optimal parameters for the 3-HMM. When optimization was
performed to the 3-HMM, the test set accuracy of the model
increased by almost 10 % (from 37.8 % to 41.4 %). Moreover, we
compared the above results with the classification results of SAM,
which was applied in the same dataset. The classification accuracy of
SAM reached 38 % which was approximately 8 % lower than the
accuracy obtained by the optimized 3-HMM. Results for the above
procedure for both experiments in the dataset are shown in Table 4.

Finally, in order to evaluate the robustness of the optimized 3-
HMM, the receiver operating characteristics (ROCReceiver
operating characteristics (ROC)) analysis was performed following
the class reference formulation, where each class (fold) is consid-
ered separately against all others [7]. The attained area under the
curve (AUC) was 0.88, indicating the robustness of our method. It
is worth mentioning that when ROC analysis was performed for
the 7-HMM, the AUCwas found to be 0.76 when different models
were trained for each fold and 0.73 when different models were
trained for each sequence [30].

Table 4
Classification results for the two experiments

Folds 3-HMM (%)
3-HMM
optimized (%) SAM 3.5 (%)

Overall class A 39.3 44.9 31.5

Overall class B 48.3 50.0 33.0

Overall class C 32.7 37.2 42.9

Overall class D 28.4 31.1 41.8

Overall class G 75.6 76.2 50.0

Overall 37.8 41.4 38.0

In the first column the classes that correspond to the folds used are shown. The results

from the 3-HMM when it is used alone and when its scores are optimized are shown in

the second and third column, respectively. The classification results of SAM 3.5 are
shown in the fourth column
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6 Conclusions

In this chapter, we discuss methods for building HMMs with
reduced number of states for predicting the fold of a protein
given its sequence and assess the performances of different varia-
tions of these HMMs including 7-HMM, 3-HMM, and optimized
3-HMM. 7-HMM and optimized 3-HMM were also compared
with the latest version of SAM, a widely used HMM-based method.
3-HMM was more effective than 7-HMM and optimized 3-HMM
achieved the maximum performance. The results indicate that the
variations of the model were equally or more effective than SAM
while they use a small architecture and require less data for training.
Moreover, all of them use a low complexity training algorithm
while the 3-HMM also uses a testing algorithm less complex than
the forward algorithm which is used in the 7-HMM.Other possible
improvements that could be incorporated to the context of the
proposed reduced state-space HMM architecture may exploit the
use of more structural features, apart from the secondary structure.
The aim would be to further enhance the classification efficiency of
the model and at the same time maintain its low size and
complexity.
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