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Metalloproteinases (MP) are a family of proteases 
which play a major role not only in normal physio-
logical processes like normal turnover of extracellular 
matrix macromolecules but also in diseased conditions 
such as arthritis, cancer, brain disorders, skeletal 
dysplasias, coronary artery and heart disease. Mem-
bers of the matrix metalloproteinases (MMP) family  
include MMPs, MT-MMP, ADAMs and ADAMTS.  
Majority of these proteins are drug targets with many 
of the MP drugs currently in trial phase. In the past, 
machine learning has been used to classify other pro-
teins but no attempt has been made for classification 
of MPs. Realizing their importance, an attempt has 
been made to develop a support vector machine model 
to predict, classify and correlate major subclasses of 
MPs with their amino acid composition. The method 
was trained and tested on 229 proteins of MPs. The 
method discriminated MPs from other enzymes with 
Matthew’s correlation coefficient of 1.00 and 100% 
accuracy. In classifying different subclasses of MPs 
with amino acid composition, an overall average accu-
racy of 98% was achieved. The performance of the 
method was evaluated using five-fold cross-validation. 
For understanding them in a better way, a web server 
MetPred has been developed for predicting MPs from 
its amino acid sequence at www.bifmanit.org/MetPred/. 
 
Keywords: Metalloproteinases, support vector machine, 
web server. 
 
METALLOPROTEINASES or metalloproteases (MPs) consti-
tute a family of enzymes from the group of proteases, 
classified by the nature of the most prominent functional 
group in their active site. These are proteolytic enzymes 
whose catalytic mechanism involves a metal. Most MPs 
are zinc-dependent, some use cobalt. The metal ion is co-
ordinated to the protein via three histadine imidazole 
ligands. The fourth coordination position is taken up by a 
labile water molecule1. There are two subgroups of MPs: 
(i) exopeptidases: metalloexopeptidases (EC number: 
3.4.17) and (ii) endopeptidases: metalloendopeptidases 
(3.4.24). Well-known metalloendopeptidases include: (i) 
matrix metalloproteinase (MMPs), (ii) a disintegrin and 
metalloproteinase (ADAM) proteins and (iii) a disintegrin 
and metalloproteinase with thrombospondin motifs 
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(ADAMTS). All the three endopeptidases, viz. MMPs, 
ADAMs and ADAMTS have very important roles to play 
in the normal physiological activity of the body. MMPs 
belong to a larger family of proteases known as the metz-
incin superfamily. Collectively they are capable of  
degrading all kinds of extracellular matrix proteins, but 
can also process a number of bioactive molecules. They 
are known to be involved in the cleavage of cell surface 
receptors, the release of apoptotic ligands (such as the 
FAS ligand), and chemokine/cytokine in/activation2. 
MMPs are also thought to play a major role on cell be-
haviours such as cell proliferation, migration (adhesion/ 
dispersion), differentiation, angiogenesis, apoptosis and 
host defence. MMPs share a common domain structure. 
The three common domains are the pro-peptide, the cata-
lytic domain and the haemopexin-like C-terminal domain 
which is linked to the catalytic domain by a flexible 
hinge region. On the basis domain information and the 
catalytic activity involved in the working of MMPs, they 
have been classified into various subclasses such as col-
lagenases, gelatinases, stromelysin and membrane-type 
MMPs3–7. ADAM proteins are members of the same su-
perfamily as MMPs, viz. the metzincins, named for their 
zinc-binding domains and their structurally important C-
terminal conserved methionine residue. As the name sug-
gests, ADAM proteins are cell surface proteins that pos-
sess both an adhesion domain and a protease domain8. 
ADAM are a fascinating family of transmembrane and 
secreted proteins with important roles in regulating the 
cell phenotype via their effects on cell adhesion, migra-
tion, proteolysis and signalling. They are involved in  
diverse processes such as development, cell–cell inter-
actions and protein ectodomain shedding9. There are 
more than 35 members of the ADAM family of proteins; 
the precise function of many of the ADAM family mem-
bers is unknown, but some, such as ADAM17 have 
known biological functions. An additional class of ADAM-
related proteins is known as the ADAMTS proteins. 
ADAMTS proteins are structurally homologous to ADAM 
proteins, but they contain at least one C-terminal throm-
bospondin type 1 (TSP1) repeat and are secreted rather 
than membrane bound10,11. ADAMTS1 and ADAMTS8 
are inhibitors of angiogenesis, and others, such as 
ADAMTS5, cleave extracellular proteoglycans such as 
aggrecan. ADAM proteins are involved in diverse proc-
esses including sperm–egg binding and fusion, myoblast 
fusion, protein ectodomain processing, shedding cytokine 
receptors and adhesion proteins, whereas ADAMTS have 
a role in post-translational modification of procollagen as 
well as in the pathologic destruction of cartilage. Recent 
study showed that activation of mitogen-activated protein 
kinase/extracellular signal-regulated kinase (MEK/ERK) 
and phosphatidylinositol 3-inase (PI3K)/Akt pathways by 
fibronectin requires integrin V-mediated ADAM activity 
in hepatocellular carcinoma, indicating ADAM protein 
may be a target for anti-cancer drug development12. In 

addition, ADAM protease families have been shown to 
degrade aggrecan, one of the most important structural 
components of joint cartilage in vivo13. ADAMs harbour-
ing a sheddase function recently became candidates for 
causing several diseases, like distinct forms of the Alz-
heimer disease. Thus, ADAMs can be a target for pre-
clinical drug development14. 
 Similarly, the study on MMPs which began with the 
discovery of collagenase in tadpole tail in 1962 has now 
become a vast research field. This family of enzymes 
plays a central role in the pathological degradation and 
physiological turnover of the extracellular matrix (ECM) 
and other proteins. MMPs, ADAMs and ADAMTS share 
the substrate specificity and their expression pattern  
under certain conditions, but their mutual roles are not 
well understood15. 
 ADAMs recently have been found to play an important 
role in various types of cancer16. Similarly, MMPs are 
found to be a key player in skin ageing and many physio-
logical disorders. In animal body they have a role in can-
cer, neurological disorders, rheumatoid, osteoarthritis, 
etc.17. Synthetic inhibitors have recently been developed 
for MMPs, so as to control cartilage matrix degradation 
by them in arthritis and osteoporosis18. Similarly, ADAMs 
have recently also been implicated in diseases such as 
various types of cancers and ADAM-dependent prote-
olytic attach could be a valuable therapeutic target for 
Alzheimer’s disease and other neurodegenerative disor-
ders characterized by the deposition of insoluble pro-
teinaceous aggregates16,19,20. 
 Despite emerging implications for MMPs, ADAMs and 
ADAMTS in disease progression, the mechanisms that 
lead to activation of specific MMPs, ADAMs and 
ADAMTS and their actions in various diseases are still  
incompletely understood. Some attempts for the under-
standing of structure and function of MMPs, ADAMs  
and ADAMTS family of proteins have been made in the 
past five years. These results have demonstrated the im-
portance of these proteins in diverse biological processes. 
Studies have also raised many interesting questions that 
remain to be answered. Questions concerning substrate 
specificities of these, the physiological regulators that  
activate or inhibit these proteases the regulation of the 
protease, adhesion and signalling activities of these in  
response to developmental, physiological and pathologi-
cal stimuli. etc. remain unanswered21. 
 Identification of novel type of cell surface proteases 
and their cognate substrate is the major focus of pharma-
ceutical companies. Hence, highly accurate identification 
of protease types will solve the problem of efficacy and 
side effects of various drugs. Currently, efforts are  
underway to develop new therapeutic agents and elucida-
tion of the metabolic pathway associated with diseases. 
Moreover, the mere understanding of different types  
of ADAM, ADAMTS and MMPs and their substrate-
binding properties will assist in finding novel drug target 
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with minimum side effects. The experimental attempts 
are reported in the literature for functional classification 
of MMPs, ADAMs and ADAMTS using the structure of 
their catalytic sites22. But no computational technique is 
available in the literature for classification based on other 
parameters like amino acid composition, dipeptide com-
position and physiochemical properties. As their experi-
mental identifications are labour- and cost-intensive, 
computational biology can provide a better alternative to 
develop a method for classifying the different enzymes. 
 An attempt has been made in this communication to 
develop a computational approach for predicting and 
classifying three types of cell surface proteases: ADAMs, 
ADAMTS and MMPs. In the first step, a binary classifi-
cation method has been adopted where MPs can be dis-
criminated from the rest of the proteins. In the second 
step a multiclass classification approach has been used 
where the three MPs can be distinguished from each other. 
 It has been shown in the past that the support vector 
machine (SVM) is an elegant technique for the classifica-
tion of biological data16,19,20,23–25. Here, a SVM model has 
been developed for amino acid composition-based predic-
tion, identification and classification of cell surface pro-
teases ADAMs, ADAMTS and MMPs. 
 This communication is a step in the direction where 
machine learning and computational biology techniques 
can be used to complement existing wet-lab techniques. 
To the best of our knowledge, there is no web server that 
allows recognition and classification of MPs. On the ba-
sis of our study, an online web tool ‘MetPred’ has been 
made available at http://www.bifmanit.org/MetPred/. 
 To achieve our goal and develop our methodology, we 
obtained the dataset from Swissprot/Uniprot databank of 
Expasy server26. The following three datasets were used. 
The dataset were obtained after selecting all the instances 
present in the databse and removing the fragments and 
redundant sequences. 
 Dataset 1 consisted of all MMP proteins, ADAM  
family members and ADAMTS. The total instances were 
97 for MMPs, 90 for ADAM subclass, 42 for ADAMTS. 
The final dataset consisted of 229 sequences belonging  
to MMP and ADAM, and ADAMTS subclass of MPs  
family. 
 Dataset 2 was used to validate our methodology; 229 
globular proteins belonging to various enzyme classes 
other than hydrolases to which MPs belong were taken 
into consideration. They were treated as negative instances. 
 For the training dataset, we consider 458 sequences  
belonging to both MPs and non-MPs whereas for testing, 
three datasets were prepared. First test dataset comprised 
97 MMPs obtained from dataset 1 and an equal number 
of non-MMPs obtained from dataset 2. The second test 
dataset comprised 90 ADAMs belonging to dataset 1 and 
an equal number of non-ADAMs obtained from dataset 2 
and the third dataset consisted of 42 ADAMTS and an 
equal number of non-ADAMTS taken from dataset 2. 

 SVM is a supervised machine learning method which 
is based on the statistical learning theory27,28. When used 
as a binary classifier, a SVM will construct a hyperplane, 
which acts as the decision surface between the two 
classes. This is achieved by maximizing the margin of 
separation between the hyperplane and those points nearest 
to it. SVMs were implemented using a freely download-
able software, libSVM29. In this software, there is a facility 
to define parameters and choose among various inbuilt 
kernels. They can be radial basis function (RBF) or a 
polynomial kernel (of given degree), linear or sigmoid. 
 Simulations were preformed using libSVM version 
2.89 (a freely available software package)29. For our 
study RBF kernel was found to be the best. SVM training 
was carried out by the optimization of the value of the 
regularization parameter and the value of RBF kernel  
parameter. 
 Previously, the amino acid composition parameter has 
been used for predicting the subcellular localization of 
proteins9. The amino acid composition is the fraction of 
each amino acid type within a protein. The fractions of all 
20 natural amino acids were calculated by using eq. (1). 
 

 

Total number of 
amino acid ( )

Amino acid composition = 
Total number of amino 

acids in a protein

i
⎛ ⎞
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⎝ ⎠

⎛ ⎞
⎜ ⎟
⎝ ⎠

 

 (1) 
 
where i can be any amino acid. 
 The performance of our classifier was judged by a 10-
fold cross-validation. The libSVM provides a parameter  
 
 

 
 

Figure 1. Coarse grid search on C = 2–5, 2–4,…, 210 and gamma = 
25, 24,…, 2–10. 
 

Table 1. Classification details for the three subclasses 

Protein  Accuracy  Recall Precision  
sub-family MCC (%) Sensitivity (%) (%) 
 

MMPs 0.97 98.98 0.99 98.96 98.96 
ADAMs 0.97 98.88 0.98 98.87 98.87 
ADAMTS 0.97 98.88 0.98 98.87 98.87 
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Figure 2. ROC curve for both MMP (a) and ADAM (b) proteases depicting FP and TP. 
 

 
selection tool using the RBF kernel: cross-validation via 
grid search. A grid search was performed on C and gamma 
using an inbuilt module of libSVM tools as shown in 
Figure 1. Here pairs of C and gamma are tried and the 
one with the best cross-validation accuracy is picked. On 
using the values of C = 2 and gamma = 0.125 obtained 
through grid search, an accuracy of 98.87% was obtained. 
 True positives (TP) and true negatives (TN) were iden-
tified as the positive and negative samples respectively. 
False positives (FP) were negative samples identified as 
positive. False negatives (FN) were positive samples 
identified as negative. The prediction performance was 
tested with sensitivity (TP/(TP + FN)), specificity (TN/ 
(TN + FP)), overall accuracy (Q2), and the Matthews cor-

relation coefficient (MCC). The accuracy and MCC for 
each subfamily of MPs were calculated as described by 
Hua and Sun30 and are shown below in eqs (2) and (3). 
 

 TP TNAccuracy ( ) = 
TP TN FP FN

x +
+ + +

 (2) 

 

 (TP)(TN) (FP)(FN)MCC .
(CP FP)(TP FN)(TN FP)(TN FN)

−=
+ + + +

 (3) 

 
All the three formulae of MPs, viz. MMP, ADAMs and 
ADAMTS have been implicated in various diseases and 
one key players in many protein degradation processes. 
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Figure 3. Snapshot of MetPred (cell surface protease prediction server). 
 
 
Realizing their implications, we have chosen these three 
families of MPs for our study. 
 The results of classifying MMPs, ADAMs and 
ADAMTS using amino acid composition are given in  
Table 1. The results obtained here will be helpful in  
differentiating among the three MPs. A new protein dis-
covered can be shown to either belong to ADAMs, 
ADAMTS or MMP sub-family of proteins. 
 Our results clearly highlight the importance of amino 
acid composition in differentiating between these families. 
This model can also be an important tool to understand 
the differences between these and hence a step towards 
assisting various wet-lab techniques in devising novel 
drugs and therapeutic agents against these two. The cor-
relation of MMPs, ADAMs and ADAMTS with their 
amino acid composition explored here can be useful to 
obtain better insight into these proteins. Their molecular 
and physiological roles along with the substrate affinity 
can also be correlated with amino acid composition. 
 The overall accuracy and MCC of the amino acid com-
position-based classifier for classifying the three subfami-
lies of MPs was 98% and 0.97 respectively. It proved that 

MPs can be correlated with amino acid composition and 
can be easily distinguished on this basis. 
 The receiver operating characteristics (ROC) score was 
usually used as the primary measure of the machine 
learning method performance and provided an overview 
of the possible cut-off levels in the test performance. The 
ROC curves for two of the subfamilies, i.e. MMPs and 
ADAMs are depicted in Figure 2 a and b which shows 
that majority of instances fall in the TP range. 
 MetPred is freely available at www.bifmanit.org/ 
MetPred/. MetPred server is installed on a Windows 
Server environment. The user can provide the input se-
quence by cut–paste or directly uploading sequence file 
from disk. The server accepts the sequence in standard 
FASTA format. A snapshot sequence submission page of 
server is shown in Figure 3. The user can predict the type 
of MP based on amino acid composition. On submission 
the server will give results in user-friendly format. 
 With amino acid composition as evaluation parameter 
of MPs, an overall average accuracy of 98% was obtained 
in classifying various subclasses. MetPred developed at 
www.bifmanit.org/MetPred/ can be an efficient and time-



RESEARCH COMMUNICATIONS 
 

CURRENT SCIENCE, VOL. 100, NO. 6, 25 MARCH 2011 905

saving tool. These kinds of web servers can be an eco-
nomical and time-saving approach for annotation of 
piled-up genomic data. They can be used to effectively 
complement the existing wet-lab techniques. 
 This model can be used to analyse other enzymes such 
as entire proteomics data. Such prediction systems can be 
useful in understanding these proteases in a better way, 
i.e. a novel method for classifying MMPs, ADAMs and 
ADAMTS is presented. This method will nicely comple-
ment the existing wet-lab methods. It will assist in  
assigning a correct class to these proteins or classify them 
as any of the three subclasses. The prediction method 
presented here may be useful for the annotation of the 
piled-up proteomic data. 
 We await the discovery of more of these proteins in the 
future so that accuracy of the prediction model can be  
increased further and a server developed for public use. 
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