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Abstract The successful prediction of thermophilic pro-

teins is useful for designing stable enzymes that are func-

tional at high temperature. We have used the increment of

diversity (ID), a novel amino acid composition-based

similarity distance, in a 2-class K-nearest neighbor classi-

fier to classify thermophilic and mesophilic proteins. And

the KNN-ID classifier was successfully developed to pre-

dict the thermophilic proteins. Instead of extracting fea-

tures from protein sequences as done previously, our

approach was based on a diversity measure of symbol

sequences. The similarity distance between each pair of

protein sequences was first calculated to quantitatively

measure the similarity level of one given sequence and the

other. The query protein is then determined using the K-

nearest neighbor algorithm. Comparisons with multiple

recently published methods showed that the KNN-ID

proposed in this study outperforms the other methods. The

improved predictive performance indicated it is a simple

and effective classifier for discriminating thermophilic and

mesophilic proteins. At last, the influence of protein length

and protein identity on prediction accuracy was discussed

further. The prediction model and dataset used in this

article can be freely downloaded from http://wlxy.imu.

edu.cn/college/biostation/fuwu/KNN-ID/index.htm.

Keywords Thermophilic protein � Increment of diversity �
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Introduction

The temperature of the environment plays a crucial role in

the lives of the cell (Perutz and Raidt 1975; Thompson and

Eisenberg 1999). It is an ongoing interest in understanding

the stability mechanism of the proteins in the organisms

which are living in the so-called harsh environments such

as high pressure, high temperature, and non-physiological

pH (Pokala and Handel 2001; Bommarius et al. 2006;

Huber et al. 2000; Kawashima et al. 2000). The protein

production of thermophilic organisms is extremely stable,

tolerating up to the temperature of more than 80 �C. But

the mesophilic proteins are unstable under high tempera-

ture (Sadeghi et al. 2006; Vieille and Zeikus 2001; Li et al.

2005; Haney et al. 1999; Szilagyi and Zavodszky 2000).

The protein thermostability refers to the stability of the

unique chemical and spatial structure of a polypeptide

chain under the extreme temperature conditions (Zhou

et al. 2008; Bartesaghi et al. 2007; Schmidinger et al. 2006;

Kumar et al. 2000; Elcock 1998). Discrimination of ther-

mophilic and mesophilic proteins by computational rec-

ognition algorithms provided a new thought for the

theoretical description of protein folding and stability

(Zhou et al. 2008).

Data mining technique can quickly provide insights

when doing basic research. In theory, it is also helpful for

understanding the mechanism of protein thermostability,
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providing a quantitative model to explain the sequence—

characteristic relationship (Fukuchi and Nishikawa 2001;

Montanucci et al. 2008; Zeldovich et al. 2007). Many

effective computation classifiers have been developed in

the past decade. The correlation between the optimal

growth temperatures of the genomes and the occurrences

of the amino acid coupling patterns was found by Liang

et al. (Liang et al. 2005). Zhang and Fang constructed the

first benchmark dataset of thermophilic and mesophilic

proteins based on Swiss-Prot database (Zhang and Fang

2006a). In the following, the four pattern recognition

methods, namely, principal component analysis (PCA),

stepwise regression (SR), partial least-square regression

(PLSR), and backpropagation neural network, were

developed to discriminate thermophilic and mesophilic

proteins based on amino acid contents (Zhang and Fang

2006b). Subsequently, the LogitBoost classifier and sup-

port vector machine (SVM) program were proposed based

on the same dataset. The best accuracy achieved to

87.39 % (Zhang and Fang 2007). Gromiha and Suresh

constructed the first low-similarity dataset with 40 %

sequence identity. And the overall accuracy increased to

89.40 % using several machine learning algorithms

implemented in Waikato environment for knowledge

analysis (WEKA) program based on amino acid compo-

sition(Gromiha and Suresh 2008). Recently, some other

studies that obtained a slight improvement in prediction

accuracy (Li and Fang 2010; Lin and Chen 2011; Wang

et al. 2011; Nakariyakul et al. 2012) were reported. All of

above computational methods demonstrated that the basic

amino acid composition provides sufficient accuracy for

thermostability prediction.

On the basis of the Shannon entropy definition, the

diversity measure was introduced to describe the infor-

mation on discrete state space and whole uncertainly of

system (Laxton 1978). And the increment of diversity (ID)

was defined to compare the difference between the total

diversity measure of two systems and the diversity measure

of the mixed system (Li and Lu 2001). And the increment

of diversity (ID) has been successfully applied in biological

data classification extensively, e.g., the promoter prediction

(Zuo and Li 2011), the recognition of protein structural

class (Lin and Li 2007), the protein superfamily classifi-

cation (Zuo and Li 2009), the protein subnuclear location

(Li and Li 2008), and the prediction of secretory proteins

(Zuo and Li 2010).

In this study, based on the K-nearest neighbor (KNN)

method and the Shannon entropy definition, we first

developed the K-nearest neighbor increment of diversity

(KNN-ID) classifier to discriminate thermophilic and

mesophilic proteins based on amino acid contents. The

prediction performance outperformed the other current

methods. The best overall accuracy increased to 91.02 %

when using the 20 amino acid composition. The influence

of sequence length and sequence similarity on predictive

performance was also discussed. The good results indicated

that the KNN-ID method is an efficient program for dis-

criminating thermophilic and mesophilic proteins. We

believed that it is also useful for other protein function

classification.

Materials and methods

Datasets

To have a consistent comparison between different

approaches, two public benchmark datasets were selected

for evaluating the performance of the proposed method.

The first dataset contains 4,895 mesophilic proteins and

3,522 thermophilic proteins, which was constructed by

Zhang and Feng (2006a). Protein sequences in this dataset

were retrieved from 15 thermophilic (hyperthermophilic)

organisms and nine mesophilic organisms based on Swiss-

Prot database. The second dataset was constructed by

Gromiha and Suresh contains 3,075 mesophilic proteins

and 1,609 thermophilic proteins (Gromiha and Suresh

2008). These datasets have the proteins with less than 40 %

sequence identity by using the CD-HIT program (Li and

Godzik 2006).

The introduction of diversity measure

For a discrete state space X with d dimensions X:{n1, n2,

…, ni, …, nd}, ni denotes the times of ith state, the Shannon

information entropy (Shannon 1948), a measure of uncer-

tain and denoted by H(X), is defined as:

HðXÞ ¼ �
Xd

i¼1

Pi logb Pi ð1Þ

where Pi = ni/N, Pi indicates probability of ith state.

According to the definition of information, the quantity

of the measured diversity named diversity measure, deno-

ted by D(X), can be defined as

DðXÞ ¼ �
Xd

i¼1

ni logb Pi ¼ �
Xd

i¼1

ni logb

ni

N

¼ N log N �
Xd

i¼1

ni logbni ð2Þ

According to the definition of information entropy,

combining the formula (1), we get

HðXÞ ¼ �
Xd

i¼1

Pi logb Pi ¼ �
Xd

i¼1

ni

N
logb

ni

N
¼ 1

N
DðXÞ ð3Þ
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So we have

DðXÞ ¼ N � HðXÞ N ¼
Xd

i¼1

ni: ð4Þ

H(X) is the information entropy, which indicates a

measure of the uncertainty associated with a random

variable. The measure of diversity D(X) in formula (4)

means a kind of information description on state space and

a measure of whole uncertainly and total information of a

system (Laxton 1978).

The similarity distance derived from increment

of diversity

For comparing our method of information distance with

other method, we also select the amino acid compositions

(AAC) as the inputting vector of a diversity source, which

is defined in discrete state space with 20 dimensions, for-

mulated as X: {n1, n2, …, ni, …, n20}. The ni is the absolute

occurrence frequency of each type of 20 amino acid

composition for each protein.

In general, for the diversity sources of two different

protein chains with 20 dimensions X:{n1, n2, …, ni, …,

n20} and Y:{m1, m2, …, mi, …, m20}, the combination

diversity source can be described as X ? Y :{n1 ? m1,

n2 ? m2, …, ni ? mi, …, n20 ? m20}, and the diversity

measure of mix source can be calculated as

DðXþYÞ¼ðNþMÞlogðNþMÞ�
Xd

i¼1

ðniþmiÞlogbðniþmiÞ

� N¼
Xd

i¼1

ni;M¼
Xd

i¼1

mi

 !
: ð5Þ

And it can be proved the combination measure of

diversity is no smaller than the sum of every diversity

measure:

DðX þ YÞ�DðXÞ þ DðYÞ: ð6Þ

Thus we define the increment of diversity (ID) to

quantitatively measure the similarity level of two different

sources X and Y, denoted by ID(X, Y) as follows:

IDðX; YÞ ¼ DðX þ YÞ � DðXÞ � DðYÞ: ð7Þ

It can be proved that the ID(X, Y) satisfies:

0� IDðX;YÞ�DðN;MÞ ðDðN;MÞ¼ ðNþMÞ logðNþMÞ
�N logN�M logMÞ: ð8Þ

We can see that the increment of diversity (ID(X, Y))

satisfies nonnegative and symmetry; therefore, the increment

of diversity is a quantitative measure of the similarity level

for two diversity sources. The higher the similarity of two

sources, the smaller the ID value (Zuo and Li 2010).

The K-nearest neighbor increment of diversity

(KNN-ID) classifier

The K-nearest neighbor (K-NN) technique has become

extremely popular for a variety of forest inventory mapping

and estimation applications, such as protein subcellular

localization (Chou and Shen 2006; Chou and Shen 2007a, b;

Shen and Chou 2007a), protein structural classification

(Shen et al. 2005; Zhang et al. 2008), protein fold pattern

(Shen and Chou 2006), membrane protein type (Shen and

Chou 2005; Shen et al. 2006), and enzyme classification

(Shen and Chou 2007b). Much of this popularity may be

attributed to the non-parametric, multivariate features of the

technique, its intuitiveness, and its ease of use. The query

protein should be classified by a majority vote of its

neighbors, with the protein being assigned to the class most

common amongst its K-nearest neighbors. K is a positive

integer, typically small. If K = 1, then the protein is simply

assigned to the class of its nearest neighbor. Although dif-

ferent distance measures can be used for this, such as

Euclidean distance, Hamming distance, and Mahalanobis

distance, in this paper, the similarity distance measure of

increment of diversity is first introduced for predicting

query protein.

Suppose there are N proteins (x1, x2 …, xn), which have

been classified into M categories (c1, c2,…, cm). According

to the KNN rule, the query protein X should be assigned to

the category represented by a majority of its K-nearest

neighbors. The similarity distance between X and xi (i = 1,

2,…, n) is defined as

IDðX; xiÞ ¼ DðX þ xiÞ � DðXÞ � DðxiÞ
ði ¼ 1; 2; . . .; nÞ: ð9Þ

The candidate protein will be predicted to belong to the

lth category if

l ¼ arg max
c

XK

i¼1

DðX�i ; xmÞ
( )

ð10Þ

where l is the argument of m that maximizes

f
PK

i¼1 DðX�i ; xmÞg, and

D X�i ; xm

� � 1; If ID X�i ; xc

� �
¼ Min ID X�i ; x1

� �
; ID X�i ; x2

� �
; ::ID X�i ; xc;

� �� �

0; Otherwise

(
: ð11Þ
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Performance measures and assessments

According to the Chou’s review, the jackknife test is

deemed the most objective and being able to yield a unique

result in the statistical prediction (Chou and Shen 2007c;

Chou 1995). The jackknife test was used to examine the

power of the proposed method. The prediction performance

was evaluated by the sensitivity (Sn), specificity (Sp),

positive prediction value (PPV), accuracy (Ac), and

Mathew’s correlation coefficient (MCC), which are defined

as follows:

Sn ¼ TP=ðTPþ FNÞ ð12Þ
Sp ¼ TN=ðTNþ FPÞ ð13Þ
PPV ¼ TP=ðTPþ FPÞ ð14Þ
Ac ¼ ðTPþ TNÞ=ðTPþ FNþ TNþ FPÞ ð15Þ

MCC ¼ ðTP� TNÞ � ðFP� FNÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðTPþ FPÞ � ðTNþ FNÞ � ðTPþ FPÞ � ðTNþ FPÞ

p

ð16Þ

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.

Results and discussion

Evaluating the proposed method by comparing

with other different machine learning approaches

Protein amino acid composition has long been thought to

be correlated with its function biology (Gromiha et al.

1999; Das and Gerstein 2000; Cambillau and Claverie

2000; Karshikoff and Ladenstein 1998). Recently, more

and more experimental, accumulation, and statistical

analyses have also demonstrated that the properties of side

chain of amino acids were determinants for the protein

thermostability, though thermophilic and mesophilic pro-

teins have both similar polar and nonpolar contribution to

the surface area and compactness (Zhou et al. 2008; Farias

and Bonato 2003; Suhre and Claverie 2003). For example,

Ile, Arg, Glu, Lys, and Pro residue contents were found to

be higher, while Ser, Asn, Gln, Thr, and Met were lower in

thermophilic proteins (Vieille et al. 2001; Zhang and Fang

2006a; Gromiha and Suresh 2008). Thus, the amino acid

composition from primary sequence is the most important

feature parameter for the existing theoretical predictor.

During the process of jackknife testing, each protein in

the benchmark dataset is singled out in turn as a test

sample; the remaining proteins are used as training set to

calculate test sample’s membership and predict the cate-

gory. After identifying the location of each protein using

KNN algorithm, the prediction accuracy for the category

will be calculated. The jackknife test is used to examine

our method in the following study.

To investigate the best K value for predicting the ther-

mophilic proteins, tests have been done with various values

of nearest neighbors K (from 1 to 40), and the prediction

accuracies obtained with jackknife test for the first data set

are depicted in Fig. 1. The prediction results of jackknife

test compared with SVM models based on the 20 amino

acid compositions (AAC) are shown in the Table 1. For

different values of K, it is shown that the prediction

accuracy is improved along with the K increase, up to the

best when K equals to nine, and the prediction accuracy has

little reduction when the K continued to increase. The

performance of prediction achieved 90.66 % accuracy (Ac)

with 0.81 when K = 9, better than the best results achieved

by the LogitBoost, AdaBoost, neural network, radial basis

function (RBF), and SVM program classifiers. Therefore,

in the following calculations, the K = 9 is used as the

operation parameter.

It is interesting to know how the proposed method

evaluated subsets of residue types. Further, the simplified

amino acid alphabets were further applied to discriminate

the mesophilic and thermophilic proteins (Murphy et al.

2000). The prediction results showed that the prediction

accuracy of 4-letter alphabet performed better than the

5-letter alphabet and 6-letter alphabet (Supplementary

Table). The 4-letter alphabet contains four amino acids

groups, including large hydrophobic residues (LVIM),

large aromatic residues (FYW), hydrophilic residues (ED-

NQKRH), and small residues (AGSTP). It demonstrated

that the reduced alphabets have the ability in finding

structurally conserved regions of protein with different

optimum temperature.

The good performances of the datasets with lower

sequence similarity

Since the sequence similarity may affect prediction accu-

racy, the highly similar data prefer leading to performance

overestimation of the proposed methods. We further test

the performance of our method on the second datasets with

40 % sequence similarity. Figure 2 shows the performance

of various values of nearest neighbor K (from 1 to 40)

based on jackknife test. Better results were obtained than

the original dataset. The best results were also obtained

when K = 9. The proposed KNN-ID method achieved
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91.02 % accuracy (Ac). And their prediction accuracy does

not vary significantly when K [ 10.

This low sequence similarity dataset was first con-

structed by Gromiha and Suresh. Several machine learning

programs had been evaluated on this dataset with 40 %

sequence identity, such as Bayes rules, logistic functions,

neural networks, support vector machines, decision trees

and so forth (Gromiha and Suresh 2008). Most of the

prediction accuracies range from 84.00 to 89.40 %. The

best overall accuracy increased to 89.40 % when using

neural network and logistic function method based on the

amino acid compositions. The comparison results of our

method with the other methods are shown in Table 2.

Based on the same amino acid contents as the only input

vectors, the traditional K-nearest neighbor (KNN) method

obtained 84.80 % accuracy (Ac). The accuracy of the

KNN-ID method proposed in this report was 91.02 %;

more than 6 % improvement was obtained. Recently, Lin

and Chen proposed the ANOVA feature selection tech-

nique to increase the accuracy of thermophilic proteins; the

accuracy achieved was 90.8 %, based on 30 selected

parameters (Lin and Chen 2011). Table 2 shows that the

proposed method (K = 9) achieved 91.02 % accuracy,

based on only 20 amino acids’ composition, better than the

results of Lin and Chen. This surprising predictive per-

formance indicated that the KNN-ID method is indeed a

good predictor for thermophilic proteins annotation.

The performance of the KNN-ID method for the protein

with different similarities and lengths of sequence

How the similarity and the length of sequence affect the

prediction performance is worth discussing. The distribu-

tion of different sequence identities analyzed using the

CD-HIT program and the length distribution is shown in

Fig. 3. The prediction accuracy of KNN-ID method, eval-

uating on the datasets with different sequence similarities

and sequence lengths, are shown in Table 3.

From the Table 3, we could find the good results were

obtained on the subsets of training data with different

sequence similarities. With the sequence identity increas-

ing, there is no significant change for the overall accuracies

(Ac). Highly similar data will surely lead to overestimation

of the performance of the proposed methods. The results

will be more objective and reliable if the cutoff of sequence

identity set to a lower percentage (such as 40 %). From the

prediction results of our testing, we are pleased to see that

the better prediction performance of our method was

obtained based on the low sequence similarity. The lower

similarity of primary sequence, the larger divergence of the

20 discrete amino acids. And the total measure of whole

uncertainly for two different systems can easily be calcu-

lated by the ID algorithm. The comparison demonstrated

that the increment of diversity (ID) is superior to integrate

useful information on discrete state space. All of the

overall accuracies were achieved at[90 % successful rate,

and the best prediction accuracy (Ac) achieved 91.02 %. It

indicated the KNN-ID method have the ability for pre-

dicting the low similarity thermophilic proteins.

Fig. 1 Prediction accuracy of KNN-ID method by using different

values of nearest neighbors K

Table 1 The prediction results between the proposed method with

the other methods on the first benchmark dataset

Method Sn (%) Sp (%) PPV (%) Acc (%) MCC

KID (K = 1) 87.99 91.70 88.02 90.18 0.80

KID (K = 9) 88.37 92.24 88.76 90.66 0.81

LogitBoost 84.21 88.31 – 86.60 0.76

AdaBoost 77.19 86.58 – 82.65 0.64

RBF 84.01 86.39 – 85.40 0.70

SVM 83.87 89.93 – 87.39 0.74

The bold values show the best results

Fig. 2 Predictive trend of over accuracy at different values of

K using KNN-ID method for low identity dataset
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The influence of protein length on discrimination

accuracy was also discussed. We divided the proteins of

first database into six groups and the prediction accuracy of

jackknife test for each group is listed in Table 4. For the

large-length proteins ([1,000 residues), the method

achieved an overall accuracy of 92.91 %. For the proteins

with residues between 500 and 800 amino acids, the

accuracy of proposed method improved to 95.03 %. But

the accuracy (Ac) for the small-size proteins (\100 resi-

dues) was rather moderate (81.04 %). The same results

were obtained by the LogitBoost method in the study of

Zhang and Fang (2007). Similar trends also existed in the

process of discriminating globular and outer membrane

(Gromiha 2005).

After analyzing the hydrophilicity and hydrophobicity

of amino acid for the small protein (\100 AA) and large

proteins (\500 AA), the results showed that the non-polar

residues L, A, aromatic residues F, and polar charged

(hydrophobicity) residues E, D are preferred to the large

protein. And polar, uncharged residues C and polar charged

residues K, R are preferred to the small protein (Supple-

mentary Fig. 1). Compared with the large proteins

([500 AA), the statistical results of amino acids showed

that the small proteins indeed have a lower percentage of

hydrophobics residues (L, A, F etc.).

The bad moderate performance of KNN-ID for the

small-size proteins might explain from the point of infor-

mation science. The smaller size of a protein, the less

information content it contains; using only the 20 feature

vectors (20 AA compositions) might not represent its

inherent characteristics. Based on this point, we consider it

is reasonable to believe that the algorithm based on KNN-

ID still has potential to improve as the other methods,

especially for predicting the small-size proteins.

Further, we tested our KNN-ID classifier on 76 inde-

pendent mesophilic-thermophilic protein pairs constructed

by Zhang and Fang (2006b). In the previous study, the

92.11 % accuracies were obtained using LogitBoot and

SVM programs. For our evaluation, each pair was decided

Table 2 Comparisons between the proposed method with the other

methods on the second benchmark dataset with low sequence identity

Method Sn

(%)

Sp

(%)

PPV

(%)

Acc

(%)

Bayesnet 81.40 90.60 – 87.40

Naive Bayes 83.50 88.80 – 87.00

Logistic function 82.80 92.80 – 89.40

Neural network 82.40 93.00 – 89.40

RBF network 80.70 89.60 – 86.50

Support vector machines (SVM) 82.20 92.90 – 89.20

K-nearest neighbor 77.30 88.70 – 84.80

Bagging meta learning 80.00 92.00 – 87.90

Classification via regression 79.30 91.00 – 87.00

Decision tree J4.8 75.80 88.40 – 84.00

NBTree 79.20 89.50 – 86.00

Partial decision tree 81.50 85.20 – 83.90

SVM (Lin and Chen 2011) 85.40 93.60 90.80

KID (K = 9) 84.27 94.53 88.90 91.02

The bold values show the best results

Fig. 3 The distributions of the identity and length of protein sequence

Table 3 The prediction performance of the KNN-ID method for

different sequence identities with K = 9

Identity (%) Sn (%) Sp (%) PPV (%) Acc (%) MCC

40 84.27 94.53 88.90 91.02 0.80

50 85.07 93.04 87.64 90.12 0.79

60 85.68 92.76 88.29 90.00 0.79

70 87.01 92.12 88.18 90.06 0.79

80 87.77 92.00 88.37 90.27 0.80

90 88.15 91.92 88.32 90.38 0.80
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by the minimum value calculated by K � ID ¼
1
K

PK
i¼1 IDðX;YÞ; and our method obtained 97.37 % accu-

racy for the thermophilic protein and 92.11 % accuracy for

the mesophilic protein. The accuracy achieved was 94.24 %,

about 2 % improvement over the results of LogitBoot and

SVM programs.

At last, the 20 independent proteins randomly selected

from 19 different mesophilic archeal organisms, including

Methanococcus maripaludis, Methanosphaerula palustris

E1-9c, Methanobrevibacter smithii, etc., were selected to

evaluate the proposed method. The results showed that all

of the mesophilic archeal proteins were correctly predicted.

Meanwhile, 20 independent proteins randomly selected

from 11 different eubacterial extreme thermophiles, such as

Thermotoga maritima MSB8, Thermoanaerobacter italicus

Ab9, Thermus thermophilus HB8, etc., were also selected to

evaluate the proposed method. Out of 20 proteins 18 were

correctly predicted. It is shown that the KNN-ID method

has the ability for solving some extreme eubacterial ther-

mophiles and mesophilic archaea. The organism list and all

the protein sequences have been uploaded on our website.

Conclusion

For protein prediction and classification, traditional

developments of the methods for predicting protein func-

tions generally focus on investigating new and effective

mathematical descriptors of protein sequences. In this

study, a new classifier using only the similarity distance of

diversity measure was introduced to predict thermophilic

proteins. Based on comparisons with several current

methods for the same datasets with different sequence

length and identity, the successful prediction performance

indicates that the KNN-ID is a promising classifier. The

accuracy of the proposed method outperformed the Naive

Bayes, Logistic function, Neural network, RBF network,

Support vector machines, Decision tree J4.8, and the tra-

ditional k-nearest neighbor. We believe our method can

play a complementary role to existing experimental and

computational methods for understanding the sequence—

characteristic relationship of protein thermostability. We

have constructed the internet server to facilitate other

researchers. All the training datasets and the predictor

based on the KNN-ID method can also be freely down-

loaded from http://wlxy.imu.edu.cn/college/biostation/fuwu/

KNN-ID/index.htm.
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