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Abstract 
 

In this paper, we present an unsupervised novel 

approach for protein sequences clustering by 

incorporating the functional domain information into the 

clustering process. In the proposed framework, the 

domain boundaries predicated by ProDom database are 

used to provide a better measurement in calculating the 

sequence similarity. In addition, we use an unsupervised 

clustering algorithm as the kernel that includes a 

hierarchical clustering in the first phase to pre-cluster the 

protein sequences, and a partitioning clustering in the 

second phase to refine the clustering results. More 

specifically, we perform the agglomerative hierarchical 

clustering on protein sequences in the first phase to 

obtain the initial clustering results for the subsequent 

partitioning clustering, and then, a profile Hidden 

Markove Model (HMM) is built for each cluster to 

represent the centroid of a cluster. In the second phase, 

the HMMs based k-means clustering is then performed to 

refine the cluster results as protein families. The 

experimental results show our model is effective and 

efficient in clustering protein families. 

 

Keywords: Protein Sequences Clustering, Data Mining 

and Knowledge Discovery, Profile Hidden Markov Model 

(HMM), ProDom database. 

 

1. Introduction 
 

The functions and structures of protein sequences have 

great importance in biomedical research. Researchers 

have to spend a lot of time and resources on some routine 

experiments in order to understand the function and 

structure of various unknown protein molecules. In 

molecular biology research, homologous protein 

sequences with similar functions and structures [1, 2] 

often belong to the same protein family. On the other 

hand, protein sequences from the same protein family 

almost always have similar functions and structures. Thus, 

in predicting the most possible structures and functions of 

a previously unseen sequence, we can first check the 

protein family to which it most likely belongs and then use 

the common functions and structures from that family as 

its estimates. This process can be automated and the 

workload can be significantly reduced if we have a way to 

automatically predict the family membership for any 

unseen sequence. For this purpose, we can first cluster 

similar sequences into groups based on their sequence 

homology and then built a representative model for each 

group, which serves as the classifier for that group. 

A protein domain is a part of a protein sequence and a 

structure that can evolve, function and exist independent 

of the rest of the polypeptide chain. One domain may 

appear in various proteins that are evolutionarily related. 

Molecular evolution gives rise to families of related 

proteins with similar sequences and structures. Domains 

are believed to be crucial in characterizing biological 

properties of proteins [3]. Therefore, it makes sense to 

increase the weights of domain areas when performing the 

pair-wise alignment of two protein sequences, and it 

should bring us closer to the desired clustering result. 

The ProDom database (http://prodom.prabi.fr) we used 

in our experiment is a comprehensive database of protein 

domain families [4]. It uses all available protein sequences 

to perform Multiple Sequences Alignment to generate and 

store all the domain families in the database. BLAST-P 

[5] is introduced to align the sequences against its 

database to get the high-scoring domains. When 3D 

structures are available for target domains, the output is 

directly linked to both SWISS-MODEL and Geno3D 

servers for homology-based domain modeling. The 

BLAST searches suggest a possible domain arrangement 

for the query protein. 

In this paper, we proposed a two-phase hybrid protein 

sequence clustering method which takes advantage of both 

the hierarchical and the partition clustering methods. The 

hierarchical clustering algorithm works by grouping data 
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objects into a tree of different clusters based on the 

distance between data objects. Depending on the bottom-

up or top-down fashion by which the hierarchical 

decomposition is formed, hierarchical clustering methods 

can be divided into two categories: the agglomerative and 

divisive hierarchical clustering methods. In hierarchical 

clustering, cutting the tree at a certain height can give a 

clustering at a selected precision. The user can specify a 

desirable number of clusters to perform the merging 

process. The major problem with hierarchical clustering is 

that it cannot go back and undo a previous clustering step. 

Therefore, a bad choice of merging or splitting made in 

some previous step will probably lead to a low-quality 

clustering result. The time-complexity of a naïve 

implementation of the algorithm is O(n
3
) [6]. 

The partitioning method is another widely used 

clustering method. k-means and k-medoids are two 

representatives of this method. The k-means method 

requires a parameter k, which indicates the number of 

clusters, and uses seeds to represent the centroids of 

clusters. An iterative relocation is often used in this kind 

of method to move data objects from one cluster to 

another according to some similarity measure until the 

there is no further move and finally it forms k clusters. In 

the iterative process, clusters are refined by maximizing 

the similarity within a cluster and minimizing the 

similarity between different clusters, and the centroids of 

clusters are updated accordingly at the end of each 

iteration. 

There are usually two ways to generate the cluster 

centroids: the similarity-based methods and the model-

based methods. The similarity-based methods generate the 

centroid of a cluster by examining the similarity score 

between each pair of data points in that cluster. The 

model-based methods generate a pseudo centroid for a 

cluster by building a model to represent that cluster [6]. 

With the model-based methods, the resulting model for a 

cluster directly characterizes that cluster rather than 

computing the similarity score, therefore, the model-based 

methods often provide better interpretability than do the 

similarity methods. In the second phase of our proposed 

clustering method, we use a probability modeling 

technique, the profile Hidden Markov Model [9] to 

represent each cluster. The Hidden Markov Model is 

widely used in time series data analysis, such as speech 

recognition and sequence analysis. In our case, we 

consider protein sequences a special type of time series 

data. 

Our goal in this study is to develop an efficient and 

robust framework for protein sequence clustering. The 

first stage is the domain prediction stage in which it 

dynamically acquires the sequence domain boundaries by 

searching the ProDom database to find the best matching 

domain families in sequences. In the clustering stage, it 

performs a two-phase hybrid clustering which combines 

the strength of both the hierarchical agglomerative 

clustering and the k-means partition clustering to build a 

profile HMM for each cluster. As domain areas are 

considered especially important in sequence clustering, 

they will be given higher weights at each clustering step 

for more accurate clustering result.  

Our experimental results demonstrate that the weight 

increment in functional domains significantly improves 

the accuracy of the clustering results in either the 

hierarchical clustering step or the partition clustering step 

or both. 

In the rest of this paper, we describe the proposed 

framework in detail in Section 2. Section 3 demonstrates 

the experimental results, and Section 4 concludes this 

paper. 

 

2. The proposed method 
 

The proposed framework consists of two main stages - 

the domain prediction stage and sequence clustering stage. 

In the domain prediction stage, we utilize the ProDom 

database to predict domain boundaries of the protein 

sequences used in our experiments. In the clustering stage, 

we adopt a hybrid clustering algorithm to group protein 

sequences. We also increase the weight for the functional 

domains to improve the accuracy of clustering results. The 

high-level architecture of the proposed framework is 

illustrated in Figure 1. 

 

 
 

Figure 1. The workflow of the proposed 
framework 

 

2.1. Domain prediction 

 

As illustrated in Figure 1, in the proposed framework, 

the first stage is to discover the functional domains of a 
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given protein from its primary sequence. To predict the 

functional domains of protein sequences, we use the 

ProDom database as our domain predictor. The domain 

boundary prediction is achieved by using the BLAST-P to 

search a given sequence against the consensus sequence 

provided with the ProDom families and the multiple 

alignments provided with each ProDom family [7]. 

In general, this searching process results in more than 

one domain returned by the ProDom database. Therefore, 

we select the top three high-scoring hits in the prediction 

results as the estimated functional domain boundaries. 

Since the protein sequences used in HMM profiling need 

to be in multiple-aligned format which may contain gaps, 

and the query sequences are in FASTA format that have 

no gaps, it is essential to map the retrieved positions of 

these domain boundaries from the FASTA format to the 

multiple-aligned format. 

In order to obtain the mapped domain boundary 

positions, we do the transformation as follows - If p is the 

position of a domain boundary in FASTA format, we 

locate the position in multiple-aligned format by using the 

procedure described below. 

First, we initialize a counter C and enumerate the 

number of characters from the start position of a multiple-

aligned sequence. Then, if the retrieved character is a gap, 

we skip it and move to the next position. If the retrieved 

character is an amino acid, we increase the value of the 

counter C by one and move to the next position. We 

continue this process until the value of counter C is equal 

to p. At this point, the current position p’ in the multiple-

aligned sequence is the corresponding transformed 

position for p in the FASTA format of that sequence. In 

this way, we map the positions of the retrieved functional 

domain boundaries to their correspondents in the multi-

aligned format, and store the converted positions for 

calculating the similarity in the subsequent clustering 

processes. Equation 1 is the formula used to transform the 

boundary position between the FASTA and the multiple-

aligned formats: 

 

 ' before gapsnumber_of_' ppp +=  (1) 

 

where p’ is the transformed boundary position in the 

multi-aligned format. In this way, we transform the 

positions of the retrieved functional domain boundaries, 

and store the converted positions for calculating the 

similarity in the subsequent clustering processes. 

 

2.2. Hierarchical clustering 

 

The hierarchical clustering step plays an important role 

as providing some pseudo-supervised information in this 

unsupervised protein sequences clustering algorithm. 

More specifically, we adopt the agglomerative 

hierarchical clustering algorithm as the first step in this 

stage to provide the initial clusters and guide the 

subsequent k-means clustering. 

In the agglomerative clustering step, initially each 

protein sequence is considered as an independent data 

object which forms a cluster of its own. The 

agglomerative hierarchical clustering algorithm 

progressively merges two clusters with the highest 

similarity score. Gradually, the fusions cause the 

remaining clusters grow larger and larger. This merging 

process will not stop until the desired number of clusters 

is formed, and its entire progress can be represented by a 

dendrogram which illustrates how two clusters are merged 

at each successive stage of analysis. 

Essentially, in each step, the merge of two clusters 

totally depends on the measurement of the pair-wised 

similarity score. Hence, the similarity measure is the key 

factor in the hierarchical clustering. There are several 

approaches to determine the similarity between two 

clusters, including single-link, complete-link, and average-

link approaches [6]. In the proposed hybrid algorithm, we 

adopt the single-link approach to measure the similarity 

score between two clusters. The similarity score of two 

clusters is then determined by the similarity score of the 

two most similar sequences from the two sequences. 

In addition to the various approaches used in the 

similarity score measurement, determining where to 

increase the weight is another important issue since the 

locations of functional domains in each sequence might be 

different. This matters especially when computing the 

similarity score of two sequences from different protein 

families. To deal with this issue, we increase the weight of 

those segments on the sequences that are located within 

any union region of the functional domains of the two 

sequences. We exemplified the functional domain union 

regions in Figure 2. 

 

 

 
 

Figure 2. Weight increased regions 
 

 

The similarity measure between any two sequences can 

be computed by Equation 2. 
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where SMij is the similarity score between two sequences i 

and j; smp is the substitution matrix (BLOSUM62) score 

(see Table 1) of the p
th

 character pair in the aligned 

sequences; ρ is the space penalty times the number of 

spaces that are inserted during the process of multiple 

alignment; wp is the weight applied at the position p. In 

this study, we tried different values for wp and found that 

an increased weight of 2 (compared with the weight 1 for 

non-domain areas) has produced the best result. Hence, a 

high similarity score suggests a good match between the 

two sequences. 

 

Table 1. A part of BLOSUM62 Substitution Matrix 
 

 C S T P … 
C 9 -1 -1 -3 … 
S -1 4 1 -1 … 
T -1 1 4 1 … 
P -3 -1 1 7 … 
… … … … … … 

 

After iteratively computing the similarity score in a 

pair-wised manner, we may merge two clusters as one in 

each cycle. This iterative process will continue until the 

desired number of clusters is obtained, that is, the entire 

dataset is clustered into k clusters. The clustering results 

are then passed to the partitioning clustering for further 

refinement. 

 

 

2.3. Partitioning clustering 

 

In Phase II, we use the pre-clustering result from the 

hierarchical clustering step as the initial partition of 

sequences. We then use a profile Hidden Markov Model 

to represent the centroids of clusters to do the k-means 

partitioning clustering. The model building and the 

sequences membership update are iteratively refined until 

there is no further change in the clusters [6, 8-10]. 

The domain areas of a profile HMM are decided by its 

member sequences. We select the union of all the 

sequences domain areas as the model’s domain areas. We 

dynamically update the domain areas of a profile HMM 

after each iteration of clustering. 

To explain the clustering process, say we want to 

cluster a dataset D into k clusters. D contains d sequences 

of length n. Si denotes the i
th

 sequence in the dataset. Rk 

denotes the set of sequences in cluster k. Mk denotes the 

profile Hidden Markov Model for the cluster k. Pik (Si | 

Mk) denotes the probability of Si under model Mk. 

In a profile HMM Mk, mj denotes the j
th

 state in the 

HMM profile. Cij denotes the j
th

 character in i
th

 sequence. 

pij denotes the probability of Cij in the mj state. 

 

• The HMMs based k-means clustering algorithm 

 

Initialization: 

According to the pre-clustering result, each sequence Si is 

assigned to a cluster k. 

 

Repeat: 

1. Build a profile Hidden Markov Model Mk to represent 

the centroid of cluster k with the probability of each 

observed alphabet in Rk (|Rk| = n). 

 

 1 2( , ,..., )
k n

M m m m=  (3) 

 

2. Compute the probability Pik (Si | Mk) for cluster k by 

the following equation: 
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3. Evaluate sequence Si based on its Pik values. A high 

score implies that sequence Si is likely a member of 

cluster k. Find the maximum value of Pik among all ks 

via the above equation. Reassign sequence Si to its 

best-matched cluster to refine the clustering result. 

 

Until: 

No further changes in each cluster. 

 

The HMM Mk consists of a connected set of states; mj 

consists of the set of probabilities of alphabets at position 

j. The probability set is obtained by the following steps: 

 

1. Count the occurrence of each alphabet in σ at the 

position j over all sequences in Rk. 
 

2. In order to avoid the zero probabilities, we add one 

to each count of alphabet as a pseudo count method. 

The denominator of the probability is the sum of the 

number of sequences in that cluster and the number 

of alphabets in σ [11]. 
 

3. Compute the probabilities for each alphabet in σ at 

the position j. 
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  To avoid the empty cluster problem, that is, an empty 

cluster forms during the clustering process, the system will 

check the clustering result at the end of each iteration to 

find those empty clusters. Once an empty cluster is found, 

we will move a sequence which has the lowest probability 

of belonging to its origin cluster to the empty cluster. 

 

3. Experimental results 
 

The dataset we used in our clustering experiment is 

obtained from the Cytochrome P450 Homepage 

(http://drnelson.utmem.edu/CytochromeP450.html), which 

is maintained at the University of Tennessee Health 

Science Center. 429 protein sequences from 65 protein 

families are selected. 

The performance of our clustering method is evaluated 

by the F-measure [12]. The higher the F-measure value 

the better the clustering result is. We randomly select 

three sequence subsets to perform the clustering. Subset 1 

(S135C17) has 135 protein sequences in 17 families, 

Subset 2 (S149C13) has 149 sequences in 13 families and 

Subset 3 (S217C9) has 217 sequences in 9 families. 

In our experiment, the hybrid method with domain 

prediction is compared with three other algorithms: the 

two-phase hybrid method without domain information, the 

hierarchical clustering method, and the standard k-means 

partitioning method. In our experiments, we also tested 

two approaches of increasing the domain weight for 

computing the similarity score between a sequence and 

another sequence/model. The two different methods 

include: increasing the weight for the union of domain 

areas between a sequence and another sequence/model 

(“Hybrid+Domain (U)” in Figure 3), and increasing the 

weight for the intersection of domain areas between them 

(“Hybrid+Domain (I)” in Figure 3). Figure 3 demonstrates 

the performance of the five different clustering algorithms 

evaluated in our experiments. The average F-measure of 

“Hybrid+Domain (U)” with domain prediction is 0.756 

which is the highest among all the five methods. The 

average F-measure of “Hybrid+Domain (I)” is 0.723 

which is almost the same as that of the hybrid clustering 

method without domain prediction. This is probably 

because “Hybrid+Domain (U)” not only increases the 

weight of common domain areas between sequences (or 

sequence-model), it also increases the penalty caused by 

the mismatch of domain areas between sequences (or 

sequence-model). Different function domains always have 

significant differences in their primary sequence 

alignments. Proteins belonging to different families 

always have different function domains in their primary 

sequences, while proteins within the same family always 

have similar function domains. Increasing the weight for 

the union of two sequences’ domain areas can thus 

magnify the similarity between two sequences in the same 

family and in the meanwhile magnify the dissimilarity 

between sequences from different families in clustering. 

As shown in Figure 3, the proposed method with 

hybrid clustering and domain prediction is also 

significantly better than the hierarchical agglomerative 

clustering method (0.622) and the standard k-means 

partitioning method (0.643). 

In brief, our proposed two-phase hybrid clustering 

method using domain prediction produces the best result 

among all the methods we used in the comparison, which 

also demonstrates the discriminative power of protein 

domains in the protein clustering and classification. 

 

 

 
 

Figure 3. Algorithm comparison results 
 

 

4. Conclusions and future work 
 

In this paper, we propose an unsupervised hybrid 

clustering algorithm using the functional domain 

information. In the proposed hybrid clustering algorithm, 

the hierarchical clustering algorithm pre-clusters the given 

sequences as the initial partition for the k-means clustering 

method based on profile HMMs. Our experimental results 

demonstrate the robustness and effectiveness of the 

proposed framework in clustering protein sequences. 

In this study, we conduct several experiments to 

explore the proper strategy for increasing the weight 

within functional domains. The experimental results show 

that increasing the weight in the functional domains can 

improve the accuracy of the clustering results. At its 

current stage, our algorithm depends on manually 

querying the online database for predicting the locations 

of functional domains. However, not every sequence has 

its domain information stored in the database. In order to 

further apply our algorithm to unknown sequences, we 

need to go one step further with the structural prediction 
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for functional domains. In principal, the primary sequence 

can be used to predict secondary structures and even the 

higher level of 3D structure. The exploration in predicting 

protein structures from their primary sequences will 

provide the ability to cluster unknown sequences. 

In addition to domain prediction, our proposed 

framework has good scalability since we can store the 

profile HMMs in database. These profile HMMs represent 

the model of the corresponding protein family. Hence, we 

can use them as classifiers to predict the membership of 

any unknown sequence. Similarly, we can first use domain 

prediction algorithm to predict the domain areas of an 

unknown sequence and then increase the weight of these 

areas in the classification process. Since the length of 

unknown sequences might be different from the model, we 

can apply a dynamic programming step before we match 

unknown sequences against the model. The dynamic 

programming will find the optimal alignment of an 

unknown sequence against the model. With this process, 

we can group unknown protein sequences into protein 

families represented by profile HMMs, which can be 

further used to predict their biological functions. 

A more systematic way of increasing the weight for 

domain areas is another important task in our future work. 

Different function domains may have different lengths. 

The normalization of the weight increment on functional 

domains with respect to their lengths is critical in 

eliminating the bias that is caused by the domain length 

difference. 
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