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Abstract Detecting thermophilic proteins is an important
task for designing stable protein engineering in interested
temperatures. In this work, we develop a simple but effi-
cient method to classify thermophilic proteins from mes-
ophilic ones using the amino acid and dipeptide
compositions. Since most of the amino acid and dipeptide
compositions are redundant, we propose a new forward
floating selection technique to select only a useful subset of
these compositions as features for support vector machine-
based classification. We test the proposed method on a
benchmark data set of 915 thermophilic and 793 meso-
philic proteins. The results show that our method using 28
amino acid and dipeptide compositions achieves an accu-
racy rate of 93.3% evaluated by the jackknife cross-vali-
dation test, which is higher not only than the existing
methods but also than using all amino acid and dipeptide
compositions.
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Introduction

Protein thermostability plays a crucial role in protein
engineering and biotechnological research (Pokala and
Handel 2001; Bommarius et al. 2006). Proteins produced
by thermophilic organisms are extremely stable and can
tolerate up to the temperature of more than 80°C, whereas
mesophilic proteins are unstable under high temperature.
Many experiments have been carried out to study the
chemical properties that influence the stability of thermo-
philic proteins (Szilagyi and Zavodsky 2000; Kumar and
Nussinov 2001; Yano and Poulos 2003; Razvi and Scholtz
2006). Gromiha et al. (1999) showed that the Gibbs free
energy change of hydration and shape influenced the
thermostability of proteins. The number of salt bridges
(Kumar et al. 2000) and ion pairs (Kumar et al. 2001) in
thermophilic proteins could also enhance the stability.
Furthermore, protein stability depends linearly on the chain
length (Ghosh and Dill 2009) and protein rigidity (Rade-
stock and Gohlke 2008). However, experimental determi-
nation of the protein thermostability is time-consuming and
labor-intensive. Thus, a computational method to deter-
mine thermophilic proteins is demanded.

Several methods have been proposed to determine the
thermostability of a given protein from its primary
sequence (Zhang and Fang 2006a, 2006b, 2007; Gromiha
and Suresh 2008; Montanucci et al. 2008; Wu et al. 2009).
Zhang and Fang (2006b) developed a statistical method for
discriminating thermophilic proteins from mesophilic ones
based on the dipeptide compositions of a given protein.
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The method yielded an overall accuracy of 86% for clas-
sifying 3,521 thermophilic and 4,895 mesophilic protein
sequences. Gromiha and Suresh (2008) analyzed the amino
acid compositions of 1,609 thermophilic and 3,075 meso-
philic proteins and found that many charged and hydro-
phobic residues have higher occurrence in thermophilic
proteins than in mesophilic ones. The neural network-based
method based on the amino acid compositions could suc-
cessfully obtain a fivefold cross-validation accuracy of
89%. Montanucci et al. (2008) employed a support vector
machine (SVM)-based method to predict whether a given
protein mutant is thermostable. The method correctly
classified 12 mutated proteins out of 14 (86% accuracy).
Wu et al. (2009) considered both structure and sequence
features of proteins to predict protein thermostability.
Using a decision tree, they achieved an overall accuracy of
more than 80%. Although the sequence and structural
models obtained a slightly higher accuracy, Wu et al.
suggested that sequence-only models can provide sufficient
accuracy for thermostability prediction.

To further improve the accuracy, we develop a new
computational method to discriminate thermophilic pro-
teins from mesophilic ones by considering to use both
amino acid and dipeptide compositions, since these com-
positions give useful information for classification (Zhang
and Fang 2006b, 2007; Gromiha and Suresh 2008). How-
ever, many of the 420 compositions (20 amino acids and
400 dipeptides) are redundant and cannot significantly
contribute to the thermostability. We thus propose a simple
but efficient method using feature selection to identify only
a small number of amino acid and dipeptide compositions
for classification. Our proposed method, i.e., improved
forward floating selection (IFFS) algorithm (Nakariyakul
and Casasent 2009), is employed for feature selection, and
an SVM classifier is built as a predictor. We find that only
28 features of these compositions are needed and that the
accuracy of jackknife cross-validation test achieves 93.3%),
which is considerably higher not only than the existing
methods but also than using all amino acid and dipeptide
compositions. In addition, we discuss the significance of
features selected by our method and their functional
implications.

Materials and methods

Datasets

We used the benchmark thermophilic and mesophilic
dataset provided by Lin and Chen (2011), which is available
at  http://cobi.uestc.edu.cn/people/hlin/tools/ThermoPred.

The dataset was extracted from the Universal Protein
Resource (UniProt) (http://www.uniprot.org) containing
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protein sequences of 136 prokaryotic organisms (17 archaea
and 119 bacteria). 60°C was used as the lower limit of
optimal growth temperature for thermophilic organisms,
and 30°C was set as the upper limit of optimal growth
temperature for non-thermophilic organisms. To produce a
reliable dataset, protein sequences containing ambiguous
residues (such as “X”, “B” and “Z”) were removed. Pro-
teins that are fragment of other proteins or that infer from
prediction or homology were also excluded. After the
described procedure, 1,329 thermophilic and 1,250 meso-
philic proteins were obtained. Furthermore, the CD-HIT
program (Huang et al. 2010) was used to remove redun-
dancy and homology bias, so that no two sequences are
similar more than 40%. The final dataset contains 915
thermophilic and 793 mesophilic proteins for testing. The
length of thermophilic protein sequences ranges from 27 to
1,853 with an average of 318.32 and a standard deviation of
221.10, while the length of mesophilic protein sequences
ranges from 31 to 3,567 with an average of 334.85 and a
standard deviation of 286.61. Prior work (Zhang and Fang
2006b; Gromiha and Suresh 2008) did not remove highly
similar or homologous sequences from their data sets. Thus,
the data set used in this study is deemed to be more reliable.

Amino acid and dipeptide compositions

The amino acid composition for each amino acid of a
protein is computed as the number of that amino acid
divided by the total number of all residues in the protein. In
other words, it is defined as:

Comp(i) = ——, 1 <i< 20 (1)
where i stands for the 20 amino acids and #; is the number of
residues of amino acid i in the protein. The composition of all

the 400 dipeptides of each protein sequence is computed
using the following expression (Shen and Chou 2008):

n ij

where i, j stand for the distribution of amino acid i followed
by amino acid j, n;; is the number of residues of amino acid
i followed by amino acid j, and L is the total number of
residues in the protein sequence. The amino acid and
dipeptide compositions have been widely used in prior
protein-related work (Zhang and Fang 2006b, 2007;
Gromiha and Suresh 2008).

Feature selection

Feature selection refers to search algorithms that select a
subset of m features from an initial set of n features, where
a criterion function J is used to assess the quality of each


http://cobi.uestc.edu.cn/people/hlin/tools/ThermoPred
http://www.uniprot.org

Detecting thermophilic proteins through selecting amino acid and dipeptide composition features 1949

candidate subset. Feature selection methods can be roughly
categorized as filter (Yu and Liu 2003) or wrapper (Kohavi
and John 1997). Filter methods select feature subset based
mainly on the intrinsic properties of the data such as dis-
tance, dependency, and consistency and without any
knowledge of the learning algorithm. On the other hand,
wrapper methods find subsets that maximize the perfor-
mance of a predetermined learning algorithm. The wrapper
method generally achieves better performance than the
filter method, but it is also more computationally expen-
sive. For our work, since there are a total of 420 initial
features (20 amino acids and 400 dipeptides), we propose a
wrapper method to perform feature selection. The fivefold
cross-validation accuracy rate is used as the criterion
function because our dataset is balanced (915 thermophilic
and 793 mesophilic proteins). In many applications with
imbalanced datasets, different criterion functions such as
the area under the receiver operating characteristic (AUC)
curve and the area under the precision-recall curve (PRC)
should be considered (Wasikowski and Chen 2010).

Several feature selection techniques have been proposed
in the literature. Sequential forward selection (SFS)
(Whitney 1971) and sequential backward selection (SBS)
(Marill and Green 1963) algorithms are widely used for
their simplicity and speed. The SFS method is a greedy
search strategy that starts with an empty set and at each
iteration, one feature is added to the subset, so that the
resultant subset yields the best criterion function value. The
SBS algorithm starts with all input features n and removes
one feature at a time from the feature set until the desired
number of features m is obtained. These methods are
attractive but suffer from the “nesting effect”, i.e., once the
features are selected, they cannot be discarded from the
current feature subset, and vice versa.

Sequential forward floating selection (SFFS) and
sequential backward floating selection (SBFS) methods
(Pudil et al. 1994) efficiently overcome the nesting problem
by dynamically backtracking after each sequential step.
The SFFS algorithm starts the search with an empty feature
set and uses the SFS algorithm to add one feature at a time
to the selected feature subset. Every time a new feature is
added to the current feature subset, the algorithm back-
tracks using the SBS algorithm to remove one feature at a
time from the subset to check whether a better subset can
be located. The search terminates when the size of the
current feature set is larger than the desired number m of
features to allow sufficient backtracking. The SBFS
method starts with all input features n, removes one feature
at a time, and conditionally adds a feature to the resultant
subset as long as a better subset can be located.

Our proposed IFFS algorithm is actually an improve-
ment of the SFFS algorithm, and its simplified flowchart is
shown in Fig. 1. First, it starts with an empty feature subset

Initialize SET
Letk=0

—,l

Apply SFS algorithm to add
one feature to SET

Letk=k+1

Letk=k-1

Apply SBS algorithm to
remove one feature
from SET

Does backtracking
help?

Does replacing the
weak feature help?

Replace the weak
feature in SET

Fig. 1 The simplified flowchart of the IFFS algorithm

and applies the greedy SFS algorithm to add one feature at
a time, so that the resultant subset yields the best cross-
validation accuracy rate. Like the SFFS algorithm, every
time a new feature is added to the current feature subset,
the IFFS algorithm backtracks by applying the SBS algo-
rithm to check whether removing a feature from the
selected subset can improve the result at the prior iteration.
As a new step in the IFFS algorithm, after the search stops
backtracking, IFFS attempts to exchange a feature in the
currently selected subset with any discarded feature to
improve the accuracy rate. The IFFS algorithm was shown
to perform better than prior search algorithms on many
datasets (Nakariyakul and Casasent 2008, 2009).

The steps in the IFFS algorithm to select the best subset
of m features from the set Y of n features can be summa-
rized as follows.

e SET: the current feature subset being evaluated.

e k: the number of features in SET.

e Ji: the best fivefold cross-validation accuracy rate
found so far for a subset of k features.

Step 0. (Initialization): Set k=0 and SET =@
(empty set).
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Step 1. (Adding a feature to the set): Use the SFS
method to add a feature to SET, increase
k by 1, and update J, if necessary. If
k = m + A, terminate the algorithm.

Step 2. (Backtracking): Conditionally remove the
least significant feature from SET by apply-
ing the SBS method to SET. If the resultant
subset has the best J;_; found so far, update
Ji—1 and SET, decrease k by 1, and repeat
Step 2. Else, return the conditionally
removed feature to SET and go to Step 3.

Step 3. (Replacing the weak feature): Conditionally

remove feature x; from SET, apply the SFS
method to add a new feature to the resultant
subset to obtain a new SET;, and compute
J of SET;, for 1 <i < k. Let SET; be the
subset that yields the largest J value among
the new k SET, subsets. If SET| has the best
Ji found so far, update J; and SET, and go to
Step 2. Otherwise, go to Step 1.

Here, A is the user-specified parameter that allows the
search to adequately backtrack. We set A to five for the
present work. A more detailed description of IFFS can be
found in (Nakariyakul and Casasent 2009).

Machine learning technique and performance
evaluation

We choose the SVM classifier with a radial basis function to
perform the classification (Chen et al. 2009, 2010). The
regularization parameter C and kernel parameter y in the
SVM are optimized using a grid search approach. To mini-
mize the overfitting of the prediction model, a fivefold cross-
validation process is implemented. The software LIBSVM
version 3.0 is employed in this work and is freely available at
http://www.csie.ntu.edu.tw/ ~ cjlin/libsvm. We use sensi-
tivity (Sn), specificity (Sp), and accuracy (Acc) to measure
the performance of our method, which are defined as follows.

TP

Sn— -t _ (3)
TP + FN

N
Sp———— 4
P=INTFP )

TP + TN
Acc = + (5)
TP + TN + FP + FN

where true positive (TP) is the number of correctly clas-
sified thermophilic proteins. True negative (TN) is the
number of correctly classified mesophilic proteins. False
positive (FP) is the number of mesophilic proteins mis-
classified as thermophilic proteins, and False negative (FN)
is the number of thermophilic proteins misclassified as
mesophilic proteins.
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Results and discussion
Feature selection results

In this subsection, we discuss the experimental results
using the proposed IFFS algorithm. We compare our
results with those for the SFS algorithm, the SFFS algo-
rithm, and the minimum redundancy maximal relevance
(mRMR) method. The mRMR algorithm is a well-known
filter method that selects feature subsets based on mutual
information (Peng et al. 2005). After the mRMR method
selected a feature subset, samples with the selected features
were applied into the SVM classifier for classification. We
ran all of our experiments using MATLAB 7.10 on an Intel
Core 17-860 computer with 4 GB of RAM. Figure 2 shows
the results of the four algorithms evaluated by fivefold
cross-validation. As expected, the mRMR method gives the
lowest Acc rates among the four algorithms in almost all
m cases, since it is a filter method. The SFFS algorithm
achieves the Acc rates that are higher than or equal to those
of the SFS algorithm when 1 < m < 11. When m > 12,
the SFS algorithm performs slightly better than the SFFS
algorithm. As shown in Fig. 2, the proposed IFFS algo-
rithm is consistently superior to other search algorithms.
The Acc rates of IFFS increase as m increases from 1 to 28
and saturate when m is larger than 28. Thus, we chose to
keep 28 features for testing and obtained an Acc rate of
93.9%.

In terms of computational complexity, the IFFS algo-
rithm is noticeably more time-consuming than other search
algorithms. To select 40 out of 420 features, IFFS
demanded more than 2 days, SFFS needed about 4 h, SFS
required approximately 90 min, and mRMR took only
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Fig. 2 The fivefold cross-validation accuracy rates obtained by
mRMR, SFS, SFFS, and IFFS for different numbers of selected
features


http://www.csie.ntu.edu.tw/~cjlin/libsvm

Detecting thermophilic proteins through selecting amino acid and dipeptide composition features

1951

1 min (since it is a filter method). We note that feature
selection is usually performed off-line and that time
required by IFFS is not a major issue for this dataset.
However, the computational complexity of the IFFS
algorithm increases exponentially with the total number of
features. Thus, use of IFFS becomes impractical for very
high-dimensional datasets such as microarray data. In such
cases, filter methods such as the mRMR algorithm should
be considered.

The 28 features selected by our IFFS algorithm are now
described. These features include 9 amino acids and 19
dipeptides as shown in Table 1. We found that amino acids
Lys (K) and Glu (E) were chosen. They are known to
participate in salt bridges (charge—charge interactions
between oppositely charged residues), which contribute
significantly to protein thermostability (Querol et al. 1996).
The residues Ala (A) and Gln (Q) were found to be sta-
tistically different between mesophilic and thermophilic
proteins (Gromiha and Suresh 2008). The box plots of
these compositions in thermophilic and mesophilic proteins
for our dataset are shown in Fig. 3. Cys (C) was also
reported to occur less frequently in thermophiles than
mesophiles (Saraboji et al. 2005). Furthermore, many
selected dipeptide compositions in Table 1 contain these
particular amino acids; in these 19 dipeptides, Cys (C) and
Glu (E) appear five and three times, respectively.

Comparison with other attributes

To assess the performance of our selected features, we
compared the results with other attributes, i.e., 20 amino
acids, 400 dipeptides, and 420 amino acids and dipeptides.
The SVM classifier with a radial basis function was used to

perform the classification for all models. We analyzed the
performance of each attribute using fivefold, tenfold, and
jackknife cross-validation tests. Among these tests, the
jackknife cross-validation is deemed the most objective
and rigorous one. The results are presented in Table 2.
From Table 2, the 20 amino acid compositions give higher
Acc rates than the dipeptide compositions and the combi-
nation of amino acid and dipeptide compositions for all
three tests. These similar findings were also reported in
(Gromiha and Suresh 2008). Our method outperformed
other models in terms of Sn, Sp, and Acc by approximately
1-4% for all tests. Generally, even a slight increase in Acc
rate is always desirable and crucial in many applications.
When the jackknife cross-validation test was performed,
our method gave a high Acc rate of 93.3%. The SVM
parameters used for each attribute are provided in Sup-
plementary Material.

In addition, we considered applying feature selection to
select features only from amino acid compositions. Our
IFFS algorithm selected 15 out of 20 amino acid compo-
sitions and obtained a fivefold cross-validation Acc rate of
92.6%, which is 0.6% higher than using all 20 amino acid
compositions for classification. However, this result is
lower than 93.9% obtained by using our 28 selected amino
acid and dipeptide compositions. This clearly indicates that
dipeptide features contribute significantly to discriminate
thermophilic proteins from mesophilic ones.

To verify the reliability of the proposed method, we
tested it with an independent dataset that has never been
trained before. This data set was used in prior work (Zhang
and Fang, 2006a) and contains 76 thermophilic and 81
mesophilic proteins. Our model correctly identified 71 out
of 76 thermophilic proteins with the Sn of 93.4%. 65 of 81

Table 1 Twenty-eight amino

. . . o Features
acid and dipeptide compositions

Types

selected by the IFFS algorithm Amino acids

Dipeptides

A,C,D,E G K, QST
CP, CW, DM, EC, EI, GN, HH, HW, IP, MA, QW, RI, RK, SN, VC, VI, WE, WV, YC

Fig. 3 The box plots of the

amino acid compositions A, E,
K, and Q in thermophilic and 25
mesophilic proteins
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Table 2 Test results for the prediction of thermophilic and mesophilic proteins using different models

Models Number of features Cross-validation test (%)

Fivefold Tenfold Jackknife

Sn Sp Acc Sn Sp Acc Sn Sp Acc
Amino acids 20 92.1 91.9 92.0 92.1 91.8 91.9 92.4 92.3 92.3
Dipeptides 400 90.0 91.9 90.9 90.2 92.4 91.2 90.8 91.7 91.2
Amino acids and dipeptides 420 90.0 93.0 914 90.2 92.3 91.2 91.5 91.8 91.6
IFFS-selected amino acids and dipeptides 28 93.8 94.1 93.9 93.1 93.2 93.1 93.0 93.7 93.3

mesophilic proteins were correctly classified with the Sp of
80.3%. The overall Acc of 86.6% was obtained. These
results demonstrate that our proposed method generalizes
well with independent data. Note that more tests should be
carried out with larger datasets to further validate the
effectiveness of our method and that considering hetero-
geneous information (Chen et al. 2009, 2010) may also
improve the accuracy.

Conclusions

We proposed a novel method by applying feature selection
to choose only a useful subset of the amino acid and
dipeptide compositions for classifying thermophilic and
mesophilic proteins. Our IFFS feature selection algorithm
is an improvement on the SFFS algorithm. This simple but
efficient algorithm was shown to outperform other wrapper
methods and the mRMR algorithm. The SVM-based pre-
dictor using our selected 28 amino acids and dipeptides
distinguished the thermophilic and mesophilic proteins at
the jackknife cross-validation accuracy of 93.3%, which is
superior to other existing methods. The software used in
this work is available upon request.
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