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Abstract 
 

 Hidden Markov models are ideal tool for sequence analysis therefore they are used 

also for protein secondary structure prediction. A number of tools for protein secondary 

structure prediction exist today a part of them utilizes also hidden Markov models. Hence I try 

to introduce them to a reader and explain him the way they work and their advantages and 

disadvantages in this assay. The majority of methods predict three secondary structures with 

accuracy between 60% and 80% nevertheless with regard to different testing methodologies 

the results should be treated solely as indicative. 

 

 

 

Key-words: protein structure prediction, hidden Markov model, secondary structure 

 

 

Abstrakt 
 

 Hidden Markov modely jsou ideálním nástrojem na analýzu sekvencí, proto se 

využívají i v predikci sekundární struktury proteinů. V současnosti existuje několik nástrojů k 

predikci sekundární struktury proteinů a část z nich využívá hidden Markov modely. Ve své 

práci se proto pokusím s nimi čtenáře seznámit a vysvětlit na jakém principu pracují, jaké jsou 

jejich výhody a nevýhody. Většina metod predikuje tři sekundární struktury s úspěšností 60%-

80%, nicméně vzhledem k odlišné metodice testování úspěšnosti lze brát výsledky pouze jako 

orientační. 
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Abbreviations 
 

 

HMM - Hidden Markov model 

MSA - Multiple sequence alignment 

PDB - Protein Data Bank 
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Introduction 
 

 Since the first application of hidden Markov models (HMMs) in bioinformatics they 

have become very useful tool for solving problems which can be formulated as a linear 

sequence analysis (Krogh et al., 1994). HMMs are still somewhat new to the field of biology 

but they can be very useful in many bioinformatics tasks. One of them is the prediction of the 

protein secondary structure which can be very useful (e.g. for multiple sequence alignment). 

In spite of the fact there are just a few methods for protein secondary structure prediction it is 

good to be able distinguish between them and choose wisely the one which fits our problem 

best. 
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Hidden Markov models 
 

 "The key idea is that an HMM is finite model that describes a probability distribution 

over an infinite number of possible sequences" (Eddy 1996).  

 

 A hidden Markov model (HMM) is a probabilistic method for linearly analysing 

sequences (Hancock and Zvelebil 2004). 

 

A hidden Markov model is defined by specifying five things: 

X = the set of states = {x1, x2, …, xn} 

Y = the output alphabet = {y1, y2, …, ym} 

π(i) = probability of being in state qi at time t = 0 (i.e., in initial states) 

A = transition probabilities = {aij}, where aij = P[entering state qj at time t + 1 | in state 

qi at time t]. Note that the probability of going from state i to state j does not 

depend on the previous states at earlier times; this is the Markov property. 

B = emission (or output) probabilities = {bjk}, where bjk = P[producing yk at time t | in 

state qj at time t] 

(Singh 1999) 

 

 

 A HMM consists of a fixed number of states (n) which are connected by direct 

transitions. Each state reads a fixed number of letters (usually 1) from an input string. States 

that read no letters are called silent states (Durbin 1998). Transitions with probability aij=0 are 

called null-transitions (Martin et al., 2006). The transition probabilities emerging from state xi 

are equal to 1 and emission probabilities for all substrings read by one state are also equal to 1 

(Hancock and Zvelebil 2004). 

 

 Let us consider more specific example. A swindler uses two coins: one is fair and the 

second is loaded. Suppose that this situation can be described by Figure 1. Here, the states of 

the HMM x1 (F) and x2 (L) represents the coins, the output alphabet is formed by two letters 

{H, T} (head and tail), the transition probabilities correspond to how often the coins are 

interchanged whereas emission probabilities predict outcome of coin flipping. Transition and 

emission probabilities in this example are: a11=0.75, a12=0.25, a21=0.4, a22=0.6, b11=b12=0.5, 

b21=0.1 and b22=0.9.  
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Fair (x1)  Loaded (x2) 
 

T:   b11=0.5 

H:   b12=0.5 
 

  

T:   b21=0.1 

H:   b22=0.9 
 

 

 

Figure 1: An example of a hidden Markov model 

 The Figure 2 is an example of possible transition sequence and output sequence for the 

HMM shown on previous figure under the premise that the swindler starts with fair coin 

(π(q1) =1 and π(q2) = 0). 

 

 

 

 0.75  0.75  0.25  0.6  0.6  0.6  0.4  0.75  0.75   

F → F → F → L → L → L → L → F → F → F  

⇓  ⇓  ⇓  ⇓  ⇓  ⇓  ⇓  ⇓  ⇓  ⇓  

T 0.5 T 0.5 H 0.5 H 0.9 H 0.9 H 0.9 H 0.9 T 0.5 H 0.5 H 0.5 

 

Figure 2: Example of transition and output sequence 

 Transition probabilities are in bold, whereas emission probabilities are in italic 

 

 

 

The probability of the above transition sequence can be calculated by this formula: 

 

P[x1x1x1x2x2x2x2x1x1x1] = π(q1)a11a11a12a22a22a22a21a11a11 = 

= 1×0.75×0.75×0.25×0.6×0.6×0.6×0.4×0.75×0.75 ≈ 0,0068 

 

The probability of the above output sequence can be calculated by this formula: 

 

P[(TTHHHHHTHH)|(x1x1x1x2x2x2x2x1x1x1)] = b11b11b12b22b22b22b22b12b11b11 = 

= 0.5×0.5×0.5×0.9×0.9×0.9×0.9×0.5×0.5×0.5 ≈ 0.010 

 

 The probability of the above transition sequence and output sequence can be 

calculated by multiplying these two probabilities and is approximately 7.0 × 10
-5

. Because 

multiplying many probabilities always yields very small numbers that will give underflow 

errors on any computers more complicated models should be always calculated in log space 

(e.g. log(7.0 × 10
-5

) ≈ -4,15, probability 10
-500 000

 is in log space just -500 000 assuming 

logarithm base 10) (Durbin 1998). 

 

 

a12 = 0.25 

a11 = 0.75 a22 = 0.6 a21 = 0.4 
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 Because HMMs are usually used for analysis of a given sequence instead of 

generating the most probable sequences, the Viterbi algorithm is used. This algorithm finds 

the most probable path through the HMM by backtracking (Durbin 1998). The predicted path 

tells which hidden states generated what letters. This is essential in many applications of 

HMMs, for example during secondary structure predictions some hidden states are helix states 

therefore residues generated by these states are decoded as a helix. 

 

 HMMs are used for speech recognition, cryptanalysis, etc. In biology, they are used 

for gene prediction (Do and Choi 2006), multiple sequence alignment (MSA) (Eddy 1995) or 

secondary structure prediction. Usage of HMMs has several advantages. First of all HMMs 

are graphically interpretable models (Martin et al., 2006). They also calculate the probabilities 

associated with the predictions (Won et al., 2007). 

 

 The HMMs will be an important part of the biology, because they can be optimised 

even more (Friedrich et al., 2010). 
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Secondary structure of protein 
  

 The secondary structure of protein is the specific local conformation of a protein's 

backbone. The secondary structure can be regular or irregular. The most common regular 

secondary structures are alpha helix and beta strand (Hancock and Zvelebil 2004). There are 

many other secondary structures: isolated beta bridge, 310-helix, Π-helix, turn, bend, left-

handed alpha helix, collagen, 2.27 ribbon etc. Some authors describe parallel and antiparallel 

beta pleated sheets instead of beta strands. Regions without any other secondary structure are 

said to have random coil or simply coil conformation. 

 

 The regular secondary structures can be characterized by specific combinations of phi 

and psi angles in the protein backbone. The best known algorithm for secondary structure 

assignment from three-dimensional coordinates of the protein structure is the DSSP 

algorithm. The DSSP assigns secondary structure to eight different classes: α-helix (H), 

isolated β-bridge (B), β-strand (E), 310-helix (G), Π-helix (I), turn (T), bend (S) and other 

(blank or C) based on hydrogen bonds (Kabsch and Sandler 1983). Except for the DSSP there 

are other algorithms for assigning secondary structures. One of them is the STRIDE 

(Frishman and Argos 1995). STRIDE is similar to DSSP but in addition to hydrogen bonds it 

takes also phi and psi angles into account. There is a strong agreement (about 95%) between 

DSSP and STRIDE (Martin et al., 2005). 

 

 In secondary structure prediction only three categories are usually used: helix, strand 

and coil but there are also more specific predictors (i.e., for transmembrane helices prediction) 

such as HMMTOP (Tusnády 2001) or TopPred (Claros 2004). Secondary structure prediction 

is important because it can help to create better MSA (Notredame 2007), even thought  more 

often is MSA used for secondary prediction or it can help to predict 3D structure of a protein 

(Bystroff et al., 2000). For evaluation of accuracy of prediction Q3 value is used. Q3 value can 

be obtained from this formula: 

 

   
                                      

                  
     

 

Per-residue accuracy is not the best but is the simplest measure of secondary structure 

prediction accuracy (Hancock and Zvelebil 2004). Secondary structure predictors can be 

compared on EVA server. EVA automatically downloads the new three-dimensional 

structures from the Protein Data Bank (PDB). Every week, the sequences of these proteins are 

sent to prediction servers, then results are collected and performance is evaluated (Eyrich et 

al., 2001). 
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 An example of secondary structure prediction is shown in Table 1. Below the amino 

acid sequence is assignment of secondary structures created by DSSP algorithm. Under that 

are predictions of secondary structure by various predictors. As you can see the prediction is 

quite accurate and most of incorrectly predicted residues can be found on the boundaries of 

secondary structures. 

 

Table 1: Protein secondary structure prediction 

 

Method Prediction 

sequence XEFAPRSVVIEEFIDTLEPXXEAYGLDQVGIFEEHGEGNRYYVGYTINKD 

DSSP ---E-HHHHHHHHHHHHHHHHHHH----EEEEEEE----EEEEEEEEEE- 

MLRPRDsec ------HHEHHHHHH------------EEEEEEE-----EEEEEEEE--- 

PHD -------EEEHHHHH-HHHHHHHH---EEEEEEE-----EEEEEEEE--- 

PHDpsi -------EEEHHHHH-HHHHHHHH---EEEEEEE-----EEEEEEEE--- 

PORTER EEE----HHHHHHHHHH--HHHH-----EEEEEE-----EEEEEEEE--- 

prof_king ------EEEEEEEHHH-----------EEEEEEE-----EEEEEEEE--- 

PROFSEC ------EEEEHHHHH----HHHH-----EEEEEE-----EEEEEEEEE-- 

PSIPRED -----HHHHHHHHHHHH-HHHHH--------HH------EEEEEEEE--- 

SABLE ------HHHHHHHHH-------EE---EEEEEE------EEEEEEEEE-- 

SABLE2 ------HHHHHHHHHH-------------EEE-------EEEEEEEE--- 

SAM-T99 -------EEHHHHHHHHHHHHHHH---HEEEEHH-----EEEEEEEE--- 

SCRATCH HH-----EEHHHHHH-HHHHHHHH------EEE------EEEEEEEE--- 

SSpro4 HH-----EEEHHHHH-HHHHHHHH---H--EEEE-----EEEEEEEE--- 

Yaspin -------EEEHHHHHH--HHHHH-------EEEE-----EEEEEEEE--- 
  

sequence DEXITIHXPFVKNERGELALEKQEWTVRKDGREKKGFHSLQEAXEEVIHS 

DSSP -EEEEEEEEEEE-----EEE----EEEEE--EEEEEE--HHHHHHHHH-- 

MLRPRDsec --EEEEE----E----EEEEEE-EEEE----------HHHHHHHHHHH-- 

PHD --EEEEEE-E------HHHHHHHHHHHH-----------HHHHHHHHH-- 

PHDpsi --EEEEEE-E------HHHHHHHHHHHH-----------HHHHHHHHH-- 

PORTER --EEEEE--EE------EEE---EEEEE----------HHHHHHHHHH-- 

prof_king --EEEE-----------EEEE--EEEEE------------HHHHHHH--- 

PROFSEC --EEEEE---------EEEEEEEEEEEEE----------HHHHHHHH--- 

PSIPRED --EEEEE----------EEEE-------------HHHHHHHHHHHHHH-- 

SABLE --EEEEE--EE------EEEE--EEEEE----------HHHHHHHHHH-- 

SABLE2 --EEEEE--E-------EEE---EEEEE-----------HHHHHHHHH-- 

SAM-T99 --EEEEE--EE------EEEE--EEEEE--------HHHHHHHHHHHH-- 

SCRATCH --EEEEE----------HHHE--EEEE------------HHHHHHHHH-- 

SSpro4 --EEEEE----------HHHH--EEEE-----------HHHHHHHHHH-- 

Yaspin --EEEEE---------EEEEE----EEE--------HHHHHHHHHHHH- 

Data obtained from: 

http://cubic.bioc.columbia.edu/eva/sec/week/2005_05_31/1ylx_A_sec.html 
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Block-HMM 

 

Model architecture 
 

 This model combines different prediction methods to obtain better results. The Block-

HMM architecture is based as the name suggests on blocks of states, it contains 26 non-zero 

blocks and 52 states (22 for helix, 15 for strand and 15 for coils). Each block is representing 

one of three secondary structures (helix, strand or coil). Four types of blocks are used in 

Block-HMM linear, self-loop, forward-jump and zero blocks. Each block contain N states 

(zero block is empty and it does not contain any state) where n state is connected to state n + 

1. State n is connected to itself in the self-loop block and the forward-jump block is a block, 

where the first state is connected to the last M states where 1≤M<N. The forward-jump and 

self-loop blocks can be tied which means that all emission and transition probabilities of 

states are equal inside the block. 

 A 3-layer perceptron (a type of artificial neural network) is used to improve the 

performance of prediction as a second structure-to-structure layer. It consists of 3 input nodes, 

3 hidden nodes and 3 output nodes. This network uses the profile averaged posterior label 

probabilities (probabilities of a secondary structure of each amino-acid) as input. Three 

independently trained HMM predictors are used to increase the accuracy of prediction even 

more. They have different structures in order to increase the prediction rate more than by 

combining same models with different parameters. The output probabilities of the second 

layers are summed up and the dominant label is applied as the final prediction (Won et al., 

2007). 

 

Evolution of the architecture of the model 
 

 Genetic algorithms (Won et al., 2004) are used for evolution of the model. Members 

of the population of solutions (parents) are selected by genetic operators and evolved to 

produce new generation of solutions (children). Fitness is assigned to the family of solutions 

after this process. The selection procedure selects the parents for the next cycle according to 

the fitness. Three genetic operators were used in Block-HMM: crossover, mutation and type-

mutation. None of them change the number of blocks, nevertheless the number of states can 

be changed (even to zero) thus creating a zero block. Crossover exchanges a random number 

of blocks in two parents to create two children. This genetic operator is very useful because 

good blocks from different solutions can be easily combined. Mutations add or remove state 

in the block or they can add or delete transition (in the forward-jump block). Type-mutations 

can change the block to a tied (untied) block, to a different type of block or to a block with a 

different label (secondary structure of the block is changed). The genetic algorithm also uses 

parameter learning method, so the emission probabilities and transition probabilities are 

changed too. Initial parameters used for evolving different HMMs were 26-35 blocks with 1-4 

states. Population size was set to 30 and the number of iterations was 400. Each genetic 

operator was used twice per iteration (Won et al., 2007). 
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OSS-HMM 

 

Model architecture 
 

 OSS-HMM (Optimal Secondary Structure prediction Hidden Markov Model) 

composes from 36 hidden states from which 15 states represent helices, 12 coils and 9 strands. 

The model has 89 transitions with probability greater than 0.1 out of 448 non-null transitions. 

It should be mentioned that there is no helix to strand or strand to helix transition with 

probability greater than 0.1.  

 

Helix architecture 

 H3 is only entry state for helices. Interestingly this is only state (except for c10) 

without any strong amino-acid preference. Transitions H3-H10, H2-H9-H1-H8 and H12-H4-

H15 are strongly preferred and they are forming main trajectory H3 (entry state), H10, H14, 

H2, H9, H1, H8, H12, H4, H15, H11, H5 and H13. State H7 is only helix state with a self 

transition. Many 3-state and 4-state cycles can be explained by amphipathic rule. There are 6 

exit states and 8 core states. The architecture represents the necessity of helix to have length 

of more than three amino-acids (at least one turn).  

 

Strand architecture 

 There are 3 interconnected entry states (b3, b5, b7) in the strand box, all leading to 

state b1, one of three core states (b1, b6, b8). There are also three exit states (b2, b4 and b9). 

The strand box contains some two state cycles, most of them altering hydrophobic and 

hydrophilic preference. It is noteworthy that all core states for strands have hydrophobic 

preference. 

 

Coil architecture 

 Coil architecture of the model is quite complicated. There are only two "core" states 

(c6 and c8). States c7 and c11 interacting with both helix and strand states. The remaining 

states are divided into two groups, each interacting with different secondary structure. It is 

peculiar that the coil states are preferentially found in specific loop types. For example state 

c1 is rarely found in β/β or α/β loops and serves as exit state forming a coil to helix transition. 

 

  



13 

 

Comparison of the model with the experimental data 
 

 Various authors have different definitions of secondary structures so it is very difficult 

to decide if amino-acid on the boundary between two secondary structures belongs to one or 

another. Nevertheless some general trends can be found when we observe amino-acid 

composition of secondary structures in different locations (start/core/end). 

 

Helices 

This model has many characteristics corresponding to real alpha-helices, including preference 

for GPDSTN amino-acids at position preceding helix, preference for proline at the beginning 

of it. Residues D and E, which should be found at the first position, are preferred at the second 

state. A fact, that several three and four state cycles alternating hydrophilic and hydrophobic 

residues are present in the helix core structure of the model, is quite impressive because this is 

analogous with the model of amphipathic helices. 

 

Strands 

This model found three strand entry states, two hydrophilic and one hydrophobic. 

Interestingly in average this scheme leads to no strong amino-acid preference at the beginning 

of the strand confirming the fact that strand ends have no specific preference for amino-acid 

residues. β-strands at the protein surface are altering hydrophobic and hydrophilic residues. 

This is another fact confirming validity of the model, because of several two state cycles in 

the strand box were the interchange of polar and apolar residues is preferred (Martin et al., 

2006). 

 

 

SAM-T99 
 

 This method is based on SAM-T98, the method was purposed to detect distant 

homologies. SAM means Sequence Alignment and Modelling (Karplus et al 1998). SAM-T99 

is still benchmarked by EVA even thought SAM-T02 provides better results and even newer 

version - SAM-T08 exists now. SAM-T99 is a HMM based method for finding and aligning 

proteins similar to a target sequence (Karplus and Hu 2001). 
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List of other secondary structure predictors 

 
 Majority of methods here can be found and compared on EVA server 

(http://cubic.bioc.columbia.edu/eva/sec/method/). There are two reasons for that. First, they 

can be easily compared among themselves (although different proteins are used for tests). The 

second reason is the methods are on public servers and anybody can post a sequence there and 

receive the results of the prediction. I did not include all the methods but I chose only 

predictors with high Q3 value and HMM based method - YASPIN. I also included the newest 

version of SAM here. 

 

 

APSSP2 
 

 This method is based on two artificial intelligence techniques called nearest neighbour 

approach and artificial neural networks. This method can predict secondary structure from 

single sequence as well as from MSA. Four steps are required for the prediction. Nearest 

neighbour approach is used in the first step, in the second step, secondary structure is 

predicted using neural networks. The next step predicts secondary structure by comparison of 

previous predictions. The last step is structure to structure prediction based on neural 

networks. 

 

 The nearest neighbour method is used first. This method uses the closely related 

proteins to the test sequence. The success of prediction is directly dependent upon the closely 

related protein in database. The standard feedforward neural network method is used to 

predict secondary structure in the second step. This neural network consists of 75 hidden units 

and an input window of 17 amino acids. This method was trained on all proteins in the (PDB). 

The combined prediction used as the next step compares previous predictions. If known 

examples are there, than nearest neighbour method can outperform neural network but 

without them neural networks are more accurate. The structure to structure prediction used in 

the last step helps to produce more realistic results by, for example, suppressing helices and 

strands of length one (Raghava 2000). 

 

 

Porter 
 

 This method is based on two layers of bidirectional recurrent neural networks and is an 

evolution of SSpro (Pollastri et al., 2002). Porter uses 25 input codes (20 standard amino acids 

+ B, U, X, Z and . (gap)). It was trained on 2171 proteins and 344 653 amino acids (25% of 

pdb_select list, December 2003). Predictions at 225 contiguous residues are considered by the 

filtering network. Five independently trained networks were used to improve performance by 

1-1.5% (Pollastri and McLysaght 2005). SSpro8, another derivation of SSpro, can predict all 

eight DSSP secondary structures (Cheng et al., 2005) 
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PROFsec 
 

 This predictor is an improved version of PHDsec. Profile based artificial neural 

network is used for prediction, to provide better results MSA is used (Rost 2004). 

 

 

PSIPRED 
 

 This predictor is based on straightforward neural network evaluation of PSI-BLAST 

profiles, which means that pairwise local alignment is used instead of traditional MSA 

approaches (Jones 1999). 

 

 

SAM-T08 
 

 The SAM-T08 web server is a protein prediction server. The input is limited up to 700 

residues and the primary output is a 3D model in PDB format. This server also provides many 

intermediate results such as MSA, residue-residue contact prediction or secondary structure 

prediction. There are several alphabets for secondary structure prediction dssp_ehl2 is 

standard alphabet for secondary prediction with just three letters (H for helices, B for strands 

and L for everything else). This alphabet is not predicted directly but is formed as a 

combination of other alphabets. This method starts with building MSAs they serve as input to 

artificial neural networks that predict various local structure properties. Finally from MSAs 

and local structures are used to build HMMs which are used to search PDB for potential 

templates for structure prediction (Karplus 2009). 

 

 

YASPIN 
 

 In YASPIN is applied a single neural network instead of a complex of multilayered 

neural networks. YASPIN is a feed-forward perceptron with one hidden layer. The 7-state 

output of the hidden neural network is processed by HMM, which uses Viterbi algorithm. The 

HMM is used to optimally the output, because results of prediction from a system with only 

one neural network can be inaccurate (Lin 2005). 
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Comparison of methods 

 

 In Tables 2 you can see comparison of advantages and disadvantages of selected 

HMM based methods. 

 

 

Table 2: Protein secondary structure predicting tools, their accuracy and website 

location 

 

Method Advantages Disadvantages 

Block-HMM 

Good accuracy for single sequence 

prediction 

Possibility of evolution from custom 

dataset 

Only three secondary structures can be 

predicted 

Lower accuracy than other methods 

when predictions are based on MSA 

OSS-HMM 

This method has good prediction 

accuracy 

This method is not as computationally 

demanding as some others 

Only three secondary structures can be 

predicted. 

Membrane proteins were excluded 

from the learning set (therefore it has 

poor performance when applied on 

prediction of transmembrane proteins) 

SAM-T99 

Can predict much more than only 

secondary structure 

This method is available on-line 

The best HMM based method 

Newer versions exist (with higher 

prediction accuracy) 

 

 

 In Tables 3 you can see comparison with other methods. When MSA is used all 

current methods have Q3 score above 70%. Artificial neural networks are used more 

frequently though HMMs are also used relatively often. Some methods combine neural 

networks and HMMs to provide better results and to acquire benefits of both approaches. 

Accuracy of modern methods is similar and all methods can produce useful predictions. 

Nevertheless Porter which is based on artificial neural networks is currently best method for 

secondary structure prediction and slightly outperforms other predictors. 
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Table 3: Protein secondary structure predicting tools, their accuracy and website 

location 

 

Method Based on
*
 Accuracy Server address 

APSSP2 NN and ANN 75.4%
1
 http://www.imtech.res.in/raghava/apssp2/ 

Block-HMM HMM and ANN 75.1%
2
 No server 

OSS-HMM HMM 75.5%
3
 No server 

Porter ANN 80.0%
1
 http://distill.ucd.ie/porter/ 

PROFsec ANN 76.6%
1
 http://cubic.bioc.columbia.edu/predictprotein/ 

PSIPRED ANN 77.9%
1
 http://www.psipred.net/psiform.html 

SAM-T99 HMM 77.3%
1
 

http://compbio.soe.ucsc.edu/HMM-apps/T99-

query.html 

SAM-T08 HMM and ANN unknown 
http://compbio.soe.ucsc.edu/SAM_T08/T08-

query.html 

YASPIN HMM and ANN 73.6%
1
 http://www.ibi.vu.nl/programs/yaspinwww/ 

*
ANN - artificial neural networks, HMM - hidden Markov models, NN - nearest neighbour 

1
Q3 score on EVA server (http://cubic.bioc.columbia.edu/eva/sec/method/) 

2 
Won et al., 2007 

3
 Martin et al., 2006 
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Conclusion 

 
 HMMs are as successful models for secondary structure prediction as any other. In 

contrast to artificial neural networks, the HMM also calculates the probabilities associated 

with the predictions (Won et al., 2007). Unlike neural networks HMMs are graphical 

interpretable models (Martin et al., 2006). That is why HMMs are sometimes favoured over 

other methods. They can use MSAs to provide better results and they can be combined 

together with other methods such as artificial neural networks or different HMM to raise 

accuracy of prediction furthermore. However no model can be as accurate as results obtained 

from direct analysis of protein are. Also model is limited by input data used for its training 

accuracy of prediction is usually low when model was not trained on similar sequences. 

Nevertheless prediction is important part of biology today, prediction accuracy is high enough 

to provide relevant data and is much cheaper and quicker than in vitro methods. HMMs are 

more intuitive method than artificial neural networks and it is relatively easy to create a 

specific HMM for certain task. 
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