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bstract

In this study, n-peptide compositions are utilized for protein vectorization over a discriminative remote homology detection
ramework based on support vector machines (SVMs). The size of amino acid alphabet is gradually reduced for increasing values
f n to make the method to conform with the memory resources in conventional workstations. A hash structure is implemented
or accelerated search of n-peptides. The method is tested to see its ability to classify proteins into families on a subset of SCOP
amily database and compared against many of the existing homology detection methods including the most popular generative
ethods; SAM-98 and PSI-BLAST and the recent SVM methods; SVM-Fisher, SVM-BLAST and SVM-Pairwise. The results

ave demonstrated that the new method significantly outperforms SVM-Fisher, SVM-BLAST, SAM-98 and PSI-BLAST, while

chieving a comparable accuracy with SVM-Pairwise. In terms of efficiency, it performs much better than SVM-Pairwise. It is
hown that the information of n-peptide compositions with reduced amino acid alphabets provides an accurate and efficient means
f protein vectorization for SVM-based sequence classification.

2006 Elsevier Ireland Ltd. All rights reserved.
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. Introduction

Remote homology detection is the problem of detect-
ng homology when there is a weak sequence similar-
ty between structurally homolog proteins. Many stud-
es have been conducted for developing more accurate
nd faster methods for this task. However, it has been
bserved that the reliable methods are inefficient in time,

hereas the faster methods suffer from the low predic-

ion accuracy. Owing to the steady increase in the amount
f protein data, developing methods that achieve the
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required level of accuracy with a reasonable cost of time
has become an urgent need.

The early methods for homology detection were
based on the pairwise sequence similarity inferred
by dynamic-programming-based sequence alignment
(Smith and Waterman, 1981). While the dynamic-
programming method finds an optimal score for
similarity according to a predefined objective function,
it suffers from long computation times for relatively long
sequences. To speed up the alignment, some heuristic
methods, such as BLAST (Altschul et al., 1990), have
been developed to find a near-optimal alignment within

a reasonable time. Although these methods are very
successful in the search of homolog proteins, they do
not perform well for the detection of remote homologies
since the alignment score falls into a twilight zone when

ed.
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within the family are taken as positive test examples, and the
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the sequence identity is below 35% (Rost, 1999). The
later methods have incorporated the family information
to detect the more distant homologies and achieved
approximately three times as accurate results as simple
pairwise comparison methods (Park et al., 1998). These
methods are based on the similarity statistics derived
upon more than one homolog example, that is, all sta-
tistical information is generated from a set of sequences
that are known or posited to be evolutionary related to
another. These probabilistic methods are often called as
generative because they induce a probability distribution
over the protein family and try to generate the unknown
protein as a new member of the family from this
stochastic model. Further improvements have also been
achieved by iteratively collecting homolog proteins from
a large database and incorporating the resulting statistics
into a central model (Altschul et al., 1997; Karplus et al.,
1998). The main problem with generative approaches
is the fact that they produce excessive false positives,
that is, they report a number of homologs though they
are not.

The recent works on remote homology detection have
begun to use a discriminative framework to make sep-
aration between homolog (positive) and non-homolog
(negative) classes. In contrast to generative methods, the
discriminative methods focus on learning a combination
of the features that discriminate between the classes.
These methods try to establish a model that differenti-
ates between positive and negative examples. In other
words, non-homologs are also taken into account. The
first discriminative approach (SVM-Fisher) represented
each protein by a vector of Fisher scores extracted
from a Hidden Markov model profile constructed for
a protein family and utilized support vector machines
(SVM) to classify the protein with those feature vectors
(Jaakola et al., 2000). A recent and more successful
work, called SVM-Pairwise (Liao and Noble, 2003),
combined the sequence similarity with the SVMs to
discriminate between positive and negative examples.
In SVM-Pairwise, both the training and test sets include
positive and negative examples. This method has been
tested for dynamic-programming-based alignment
scores and BLAST scores. Note that the latter one is
referred as SVM-BLAST in the following sections.
SVM-Pairwise approach is among the best methods
in terms of accuracy, but it suffers from computational
inefficiency since the alignment takes too much time
for long sequences. In general, discriminative methods

are more successful than generative methods in terms of
separation accuracy between true positives and false pos-
itives. However, the training phase requires long times
with conventional workstations, which makes them
ystems 87 (2007) 75–81

inappropriate to use in practice. Thus, more efficient
methods are required while preserving the classification
accuracy.

In the present study, we use n-peptide compositions
of a protein to encode it over a discriminative framework
based on SVM. Amino acid composition, as a special
case of n-peptide composition for n = 1, has been widely
used on many problems regarding protein classification
(Bahar et al., 1997; Zhang et al., 1995). Dipeptide
composition (n = 2) has also been shown to be valuable
information in the determination of protein classes
(Bhasin et al., 2005; Yu et al., 2004). However, compo-
sition of longer n-peptides could not be used efficiently
since the time and memory requirements exponentially
increase with the value of n. In this study, we present a
way of restricting memory requirement by reducing the
amino acid alphabet for larger values of n. We also use a
hash structure for accelerating the search of n-peptides.
The system allows the inclusion of n-peptides up to n = 6
with increasing accuracy. We have integrated the new
compositional encoding method into SVM to perform
protein family classification tests on a subset of SCOP
family database (Murzin et al., 1995) and compared
our results against those given by recent methods;
SAM-98 (Karplus et al., 1998), PSI-BLAST (Altschul
et al., 1997), SVM-Fisher (Jaakola et al., 2000),
SVM-BLAST and SVM-Pairwise (Liao and Noble,
2003). The new method achieves a significantly better
accuracy than all given methods except SVM-Pairwise.
The new method’s accuracy is comparable to that of
SVM-Pairwise. In terms of computational efficiency,
the new method performs much better than SVM-
Pairwise.

2. Materials and methods

2.1. Data set

We used the data set provided by Liao and Noble, avail-
able at http://www1.cs.columbia.edu/compbio/svm-pairwise,
in our experiments. The methods were tested to see their abil-
ity to classify proteins into families on the given subset of
SCOP1.53 family database (Murzin et al., 1995). The data
set contains 4352 protein domains including no pair with a
sequence similarity higher than an E-value of 10−25. The train-
ing and test sets are separated as done in the previous works,
resulting with 54 families to test. For each family, the proteins
proteins outside the family but within the same superfamily
are considered positive training examples. Negative examples
are selected from outside of the superfamily and are randomly
separated into training and test sets in the same ratio as the
positive examples.

http://www1.cs.columbia.edu/compbio/svm-pairwise
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.2. Discriminative model

In discriminative homology detection methods, there are
wo main phases: training and testing. The training phase con-
tructs a machine learning classifier for the specified family,
nd the testing phase uses this classifier to decide whether the
est protein is belonging to this family or not. Both phases
equire the extraction of some informative features from the
rotein sequence and the representation of these features by
fixed-length feature vector. Fig. 1 gives an overview of the

iscriminative homology detection approach.

.3. Protein vectorization

Each protein must be represented by a fixed-length feature
ector to be fed into a machine learning classifier. We repre-
ent proteins by their n-peptide compositions. For each value
f n, corresponding feature vector contains the fraction of each

ossible n-length substring in the sequence. For example, the
eature vector refers to amino acid composition for n = 1, and
ipeptide composition for n = 2. The number of dimensions in
he feature vector corresponding to n-peptide composition is
0n. The memory space complexity of the training step then

Fig. 1. Discriminative homol

able 1
he amino acid alphabet sizes and resulting feature vector dimensions used fo

t = 1000 t = 5000

Alphabet
size

Vector
dimension

Alphabet
size

20 20 20
20 400 20
10 1000 15

5 625 8
3 243 5
3 729 4
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becomes O(k20n), where k is the number of proteins in the train-
ing set. This leads to the formation of high-dimensional feature
vectors even for small values of n, which makes the system dif-
ficult to implement with conventional memory resources. To
overcome this problem, we gradually reduce the size of the
amino acid alphabet for increasing values of n such that the
resulting vector for each n-peptide composition will have a
dimension lower than a constant value of t, hence getting an
upper bound on the space complexity by O(kt). In other words,
we use an alphabet size of r that satisfies the condition rn < t for
n-peptide composition. Not only providing an efficient space
complexity, this scheme also allows the evaluation of possi-
ble mismatches in longer n-peptides, which is a natural case
in the evolution of proteins. Table 1 gives the reduced amino
acid alphabet sizes and resulting feature vector dimensions for
different values of t to be used in the construction of n-peptide
compositions.

Another problem with the use of n-peptide compositions is

the exponential time complexity of the protein vectorization
step. A naive algorithm that searches all possible n-peptides
in a protein sequence of length m has a time complexity of
O(m20n). We use a hash structure indexed by a sorted array of
all possible n-peptides and sequentially traced the sequence to

ogy detection model.

r each n-peptide composition with varying thresholds of dimension

t = 10000

Vector
dimension

Alphabet
size

Vector
dimension

20 20 20
400 20 400

3375 20 8000
4096 10 10000
3125 6 7776
4096 4 4096
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Table 2
Reduced amino acid alphabets used in our experiments

Size Alphabet

20 L V I M C A G S T P F Y W E D N Q K R H
15 (LVIM) C A G S T P (FY) W E D N Q (KR) H
8 (LVIMC) (AG) (ST) P (FYW) (EDNQ) (KR) H
6 (LVIM) (AGST) (PHC) (FYW) (EDNQ) (KR)
5 (LVIMC) (AGSTP) (FYW) (EDNQ) (KRH)
4 (LVIMC) (AGSTP) (FYW) (EDNQKRH)

3 (LVIMCAGSTP) (FYW) (EDNQKRH)
2 (LVIMCAGSTPFYW) (EDNQKRH)

update the counts of the observed n-peptide. With this scheme,
the time complexity is reduced to O(mn). Since we use only
small values of n, the time complexity can be simply regarded
as O(m). The system has been implemented by standard library
functions of Perl language.

2.4. Reduced amino acid alphabets

We use the reduced amino acid alphabets provided by
Murphy et al. (2000) in our method. These alphabets have been
produced using statistical techniques based on the information
of certain BLOSUM matrices and justified by well-known bio-
chemical amino acid classes. Table 2 lists the reduced amino
acid alphabets used in our experiments.

2.5. Construction of machine learning classifiers

As illustrated in Fig. 1, the discriminative homology detec-
tion system requires the construction of a machine learning
classifier for each family to make separation between the
homolog and non-homolog examples. We employ SVMs for
this purpose. SVMs are powerful binary classifiers that work
based on the structural risk minimization principle. An SVM
non-linearly maps its multi-dimensional input space into a
higher dimensional feature space. In this feature space a linear
classifier is constructed. To train the SVMs, the Gist soft-
ware, available at http://www.cs.columbia.edu/compbio/svm,
is used. Since the main novelty of this study is introducing a
new vectorization scheme, the SVM parameters are selected
in the same way with the previous methods in order to make a
fair comparison. We use a radial basis kernel function;

K′(X, Y ) = e−(K(X,X)−2K(X,Y )+K(Y,Y )/2σ2) + 1

where K(.,.) is the normalized base kernel that acts as a simi-
larity score between the pair of input vectors X and Y and the
width σ is the median Euclidean distance from any positive
training example to the nearest negative example. Since the
separating hyperplane of SVM is required to pass from the ori-

gin, the constant 1 is added to the kernel so that the data goes
away from the origin. In addition, an asymmetric soft margin
is implemented by adding to the diagonal of the kernel matrix
a value 0.02*ρ, where ρ is the fraction of training set proteins
that have the same label with the current protein, as done in the
ystems 87 (2007) 75–81

previous SVM classification methods (SVM-Pairwise, SVM-
BLAST, SVM-Fisher).

2.6. Classification

The test samples are vectorized in the same way with the
training samples and fed into the SVM constructed for the spec-
ified family. The SVM output is a list of discriminant scores
corresponding to each protein in the test set. The discriminant
score indicates a predicted level of homology with that method.
The system classifies the proteins with a discriminant score
higher than a threshold value (generally zero) as homologs
and the others as non-homologs.

2.7. Evaluation of methods

As all classification tasks do, the homology detection meth-
ods have to deal with the trade-off between specificity (the
ability to reject false positives) and sensitivity (the ability to
detect true positives). For the cases in which the positive and
negative examples are not evenly distributed, the best way
to evaluate the trade-off between the specificity and sensitiv-
ity is to use a receiver operating characteristics (ROC) curve
(Gribskov and Robinson, 1996). A ROC score may be defined
as the area under the ROC curve, where the ROC curve is
plotted as the number of true positives as a function of false
positives for varying classification thresholds. A score of 1 indi-
cates that the positives are perfectly separated from negatives
whereas the score of 0 yields that no positives are reported.

3. Results

3.1. Accuracy

As a result of the SVM classification tests, the ROC
scores were calculated for each family included in the
experimental setup. The average values of ROC scores
resulted of six different methods, including the present
method (SVM-n-peptide), are listed in Table 3.

As shown in the table, the system’s performance
increases until the inclusion of n-peptide composition
with n = 6 and degrades after n becomes larger than 8.
With a threshold of 5000 in vector dimensions, the num-
ber of letters in the simplified alphabet for n > 7 must be
reduced to 2. Since an alphabet size of 2 does not carry
any information about the protein evolution, this is pos-
sibly the reason for decrease in the accuracy after n > 7.
A comparison between the cases for different dimen-
sion thresholds applied is also presented in the table.
According to the results, when the threshold is increased

to 10,000 no improvement is observed. On the other
hand, the accuracy reduces when the threshold is low-
ered into 1000. Therefore, the threshold value of 5000
seems to be a good selection for satisfying both the accu-

http://www.cs.columbia.edu/compbio/svm
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Table 3
Average ROC scores obtained from 54 SCOP families

Method Average ROC score

PSI-BLAST 0.582
SAM-98 0.651
SVM-Fisher 0.676
SVM-BLAST 0.816
SVM-Pairwise 0.892

SVM-n-peptide
n = 1 0.814
n = 1-2 0.851
n = 1-3 0.879
n = 1-4, t = 5000 0.879
n = 1–6, t = 1000 0.869
n = 1–6, t = 5000 0.890
n = 1–6, t = 10000 0.890
n = 1–7, t = 5000 0.890
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Table 4
Results of paired T-tests based on the ROC scores achieved by SVM-
based remote homology detection methods

p-values SVM-n-
peptide

SVM-
Pairwise

SVM-
BLAST

SVM-
Fisher

SVM-n-peptide 0.37 5.0E-3 3.9E-12
n = 1–8, t = 5000 0.881
n = 1–10, t = 5000 0.879

acy and efficiency requirement of the system. The table
lso demonstrates the surprising success of amino acid
omposition (n = 1) alone in homology detection task.
he accuracy achieved with the use of amino acid com-
osition is better than many of the more complicated
ethods included in our comparative study.
For further investigation of the results, the methods

re compared by their relative performances using the
lots of the number of families for which a given method
xceeds a threshold ROC score. Fig. 2 compares the per-

ormance of new method for n = 1–6 and t = 5000 with
he existing methods. Both average ROC scores and the
omparison plot demonstrate that the new method sig-

ig. 2. Relative performances of different classification methods are
epicted by the plots of the number of families for which a given
ethod exceeds a threshold ROC score.
SVM-Pairwise 2.7E-3 3.3E-13
SVM-BLAST 3.8E-10

nificantly outperforms all given methods except SVM-
Pairwise, while being comparable with it. To explore
the statistical significance of differences between the
results, paired T-tests were carried out between SVM-
based methods with a p-value threshold of 0.05. Accord-
ing to Table 4, a significant difference SVM-n-peptide
and SVM-BLAST is observed. The difference between
SVM-n-peptide and SVM-Fisher is more apparent. On
the other hand, there is no significant difference between
SVM-n-peptide and SVM-Pairwise.

A family-by-family comparison between the results
of SVM-Pairwise and SVM-n-peptide is provided in
Table 5. The table shows that two methods are not
only competitive but also complementary to the each
other. When the results are investigated in superfamily
level, it is observed that SVM-n-peptide is more suc-
cessful for all families in homeodomain-like proteins
(1.4.1.×), nucleic acid-binding proteins (2.38.4.×), viral
coat and capsid proteins (2.9.1.×), glycosyltransferases
(3.1.8.×) and P-loop containing nucleotide triphosphate
hydrolases (3.32.1.×). This result would be useful when
selecting the appropriate method in any application
that requires an automated or semi-automated search in
SCOP database.

In order to see the effect of different amino acid group-
ings, we also applied the schemes provided by Li et al.
(2003) and Liu et al. (2002) for reducing alphabets. For
the homology detection tests with n = 1–6 and t = 5000,
former scheme provided an average ROC score of 0.893
with 0.132 standard deviation and the latter one provided
0.889 average ROC score with 0.134 standard deviation.
Although we do not observe a statistically significant
difference between them (p > 0.05 for all paired T-tests),
the ROC score deviations with the alphabets of Murphy
et al. (2000) is lower than those with other alphabets.

3.2. Computational efficiency
Computational efficiency is another important aspect
in the evaluation of methods. The crucial step in the
SVM system we used is the vectorization of proteins.
The vectorization step has a complexity of O(mp) in
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Table 5
Family-by-family comparison of SVM-Pairwise and SVM-n-peptide
based on the ROC scores obtained from each family test

Family ROC score

SVM-Pairwise SVM-n-peptide

1.27.1.1 0.971 0.948
1.27.1.2 0.918 0.962
1.36.1.2 0.935 0.916
1.36.1.5 0.976 0.961
1.4.1.1 0.968 0.977
1.4.1.2 0.814 0.976
1.4.1.3 0.944 0.973
1.41.1.2 0.999 0.994
1.41.1.5 0.998 0.990
1.45.1.2 0.971 0.810
2.1.1.1 0.978 0.892
2.1.1.2 0.994 0.985
2.1.1.3 0.985 0.976
2.1.1.4 0.974 0.894
2.1.1.5 0.832 0.807
2.28.1.1 0.815 0.637
2.28.1.3 0.829 0.865
2.38.4.1 0.697 0.766
2.38.4.3 0.707 0.779
2.38.4.5 0.877 0.916
2.44.1.2 0.146 0.259
2.5.1.1 0.925 0.896
2.5.1.3 0.896 0.783
2.52.1.2 0.643 0.783
2.56.1.2 0.844 0.855
2.9.1.2 0.874 0.951
2.9.1.3 0.970 0.996
2.9.1.4 0.918 0.984
3.1.8.1 0.963 0.987
3.1.8.3 0.931 0.973
3.2.1.2 0.838 0.887
3.2.1.3 0.898 0.859
3.2.1.4 0.964 0.939
3.2.1.5 0.932 0.914
3.2.1.6 0.912 0.903
3.2.1.7 0.909 0.955
3.3.1.2 0.937 0.916
3.3.1.5 0.917 0.943
3.32.1.1 0.946 0.952
3.32.1.11 0.880 0.973
3.32.1.13 0.836 0.938
3.32.1.8 0.901 0.912
3.42.1.1 0.886 0.840
3.42.1.5 0.811 0.624
3.42.1.8 0.760 0.674
7.3.10.1 0.986 0.985
7.3.5.2 0.996 0.987
7.3.6.1 0.998 0.978
7.3.6.2 0.994 0.965
7.3.6.4 0.992 0.995
7.39.1.2 0.928 0.863
7.39.1.3 0.990 0.870
7.41.5.1 0.791 0.841
7.41.5.2 0.943 0.860
Average 0.892 0.890
S.D. 0.133 0.125
ystems 87 (2007) 75–81

SVM-Fisher, where m is the length of the longest train-
ing set sequence and p is the number of parameters
used in the profile HMM. SVM-Pairwise and SVM-
BLAST calculate all pairwise similarity scores between
the target sequence and the sequences in the training set.
Each similarity calculation is O(m2) in SVM-Pairwise
and O(m) in SVM-BLAST. Thus, total vectorization
time is O(km2) for SVM-Pairwise and O(km) for SVM-
BLAST, where k is the number of proteins in the training
set. Our vectorization scheme has a time complexity of
O(m) as described in the Methods section. The com-
plexity analysis reveals that our method is more effi-
cient than all other SVM methods described in this
paper.

An empirical comparison in terms of computation
time may be invalid since much of the work in our
implementation contains file processing owing to large
amount of data that cannot be handled by memory. How-
ever, to make an intuition, we can report that all training
time is at most 1 h for a family with SVM-n-peptide,
whereas it takes at least 20 days with SVM-Pairwise
in a workstation having 2 GHz CPU and 2 GB mem-
ory. In Table 6, we provided some empirical test results
that demonstrate the computation times for the predic-
tions of selected proteins with varying lengths. The tests
were performed on two families having the lowest and
largest number of training samples in the dataset. As

shown, the computation time drastically increases with
the protein length when the SVM-Pairwise method is
used. On the other hand, we observe only a slight increase
in the prediction time of SVM-n-peptide for longer pro-

Table 6
Computation times for the predictions of selected proteins with SVM-
Pairwise and SVM-n-peptide

Test
protein
(PDB ID)

Sequence
length

Test family
(SCOP ID)

Number
of training
samples

SVM-
Pairwise
(in s)

SVM-n-
peptide
(in s)

1a7f 1 21 7.3.10.1 434 61 18
2.1.1.3 4008 290 58

1ulo 152 7.3.10.1 434 195 20
2.1.1.3 4008 1632 63

1914 208 7.3.10.1 434 251 20
2.1.1.3 4008 2189 65

1qcxa 359 7.3.10.1 434 405 22
2.1.1.3 4008 3730 67

1aco 2 527 7.3.10.1 434 577 23
2.1.1.3 4008 5439 70

1yge 1 690 7.3.10.1 434 744 24
2.1.1.3 4008 7112 71

1eula 994 7.3.10.1 434 1054 26
2.1.1.3 4008 10217 75

PDB: Protein Data Bank (Berman et al., 2000), SCOP: Structural Clas-
sification Of Proteins (Murzin et al., 1995).
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eins. The computation time scales almost linearly with
he number of training samples in both methods. How-
ver, the prediction time of SVM-n-peptide still remains
round 1 min for the worst case in the table, whereas
VM-Pairwise spends nearly 7 h for the same predic-

ion. The results apparently show that the new system
ubstantially reduces the computation time needed for
oth training and testing phases while preserving the
verall accuracy achieved by SVM-Pairwise. Further-
ore, SVM-n-peptide becomes much more practical to

se for larger datasets and longer sequences.

. Discussion

Selecting a proper feature representation scheme is
n important step in classification systems. The prob-
em arises more seriously in protein classification tasks
wing to the fact that protein sequences are of vary-
ng lengths. In this study, the information of n-peptide
ompositions has been successfully applied for remote
rotein homology detection task over a discrimina-
ive framework employing SVMs. The representation
ith n-peptide compositions is quite simple; it does
ot require sequence alignments, profile construction or
otif search. The study has shown that the use of reduced

mino acid alphabets for longer n-peptides provides an
fficient and accurate way of protein vectorization for
equence-based protein classification systems. The use
f reduced amino acid alphabets not only provides an
fficient representation for amino acid composition and
ocal sequence order effects of proteins but also gives the
pportunity to evaluate the possible mismatches between
he sequences.

The new method, which we call as SVM-n-peptide,
as been tested for SCOP family classification on a
ommon benchmarking data set. Comparison with the
xisting methods reveals that the present method sig-
ificantly outperforms the others except SVM-Pairwise,
hile being comparable with it. On the other hand, a

emarkable improvement has been achieved in terms
f computational efficiency in comparison with SVM-

airwise.

We believe that the method that we have introduced
ere can be applicable to other protein classification tasks
s well.
ystems 87 (2007) 75–81 81
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