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Abstract Internal motions and flexibility are essential for

biological functions in proteins. To assess the internal

fluctuations and conformational flexibility of proteins,

reliable computational methods are needed. In this study,

wavelet transformation was used to filter out the noise and

facilitate investigating the internal positional fluctuations

of enzymes within nuclear magnetic resonance (NMR)

structure ensembles. Moreover, potential active sites were

identified by combining with positional fluctuation score,

sequence conservation, and solvent accessible surface area.

Among the total 107 catalytic residues in 44 examined

enzymes, 69 residues were identified correctly. Our results

suggest that wavelet transform analysis of structure

ensemble is applicable to extract essential fluctuation

information of proteins; furthermore, analysis of positional

fluctuations is helpful for the identification of catalytic

residues.

Keywords Structures alignment � Mean square

fluctuation � Potential active sites

Introduction

Internal motions and flexibility of proteins play a critical

role in keeping the right conformation to carry out bio-

logical functions (Berendsen and Hayward 2000; Chou

1988; Erkip and Erman 2004; Hub and de Groot 2009;

Yang and Bahar 2005). The dynamic information can be

obtained experimentally in terms of temperature factors

(B factors) measured by X-ray crystallography and the

NMR-derived order parameters extracted from relaxation

data (Karplus and McCammon 1981; Yang and Kay 1996).

Computational methods are also adopted to characterize

the internal large-scale motions in proteins, including

molecular dynamics (MD) simulation (Karplus and

McCammon 2002), normal mode analysis (NMA) (Bahar

and Rader 2005) and elastic network model (ENM) (Yang

and Bahar 2005). Besides, analysis of the mean square

variations in the coordinates of amino acids about their

mean (native) positions provides a measure of equilibrium

dynamics of proteins (Berendsen and Hayward 2000; Yang

et al. 2007). To assess the conformational flexibility and

fluctuations, principal component analysis (PCA) is com-

monly used to extract the collective motions with the

largest contribution to the variance of the atomic fluctua-

tions (Bakan and Bahar 2009; Balsera et al. 1996;

Berendsen and Hayward 2000; Howe 2001; Hub and de

Groot 2009; Lange et al. 2008; Maisuradze et al. 2009;

Yang et al. 2009).

Nuclear magnetic resonance (NMR) spectroscopy pro-

vides atomic-resolution snapshots of proteins (Henzler-

Wildman and Kern 2007). An NMR-determined structure

ensemble usually contains multiple models that solved in

NMR determination protocols, and are agree with the

experimental constraints (Best et al. 2006). Information

about the molecular flexibility can be obtained by

Source code is available from

http://cic.scu.edu.cn/bioinformatics/wt_nmrst.zip.
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systematic comparison of all models. Analysis carried out

by Ramanathan et al. showed that the conformation flexi-

bility associated with structural deviations in NMR

ensembles of ubiquitin characterized using quasi-harmonic

analysis (QHA) is in agreement with the large-scale

motions identified by computational methods (Ramanathan

and Agarwal 2009). Bakan et al. also confirmed the

structural variability observed in NMR ensembles exhibits

remarkable correlations with top-ranking ANM modes

(Bakan and Bahar 2009). Yang et al. compared the varia-

tions in atomic coordinates among the NMR models, B

factors, and the fluctuation dynamics predicted by the

Gaussian Network Model (GNM). They noted that NMR

data appears to provide a better measure of equilibrium

dynamics compared with X-ray crystallographic B factors,

and the root mean square deviation (RMSD) of NMR

ensemble might contain physically meaningful contribu-

tions of equilibrium fluctuations (Yang et al. 2007).

In this work, we investigated the internal fluctuations of

enzymes by analyzing the variations in atomic coordinates

from the well-defined average structure within NMR

ensembles. Variations from real differences between the

structures might be contaminated with noise. To reveal the

meaningful information of internal positional fluctuations,

noise should be removed. Wavelet transformation (WT)

has been proved to be a powerful tool for discarding the

unimportant portion of the signal (Fadili and Boubchir

2005; Leung et al. 1998). Consequently, WT was used to

effectively filter out the noise from a set of atomic coor-

dinates (after a best fit to discard overall translation and

rotation). Then, the internal positional fluctuation scores

were calculated. Combining with information of sequence

and structure, the positions of catalytic residues in the

fluctuation profiles were investigated to identify the

potential active sites (PASs). Among the total 107 catalytic

residues in the 44 examined enzymes, 69 were found. Our

results suggest that WT analysis of NMR structure

ensembles could provide useful insights into internal

positional fluctuations, more importantly, identifying cat-

alytic residues.

Materials and methods

Dataset

Our dataset contains NMR structure ensembles of 44

enzymes. Ten of them were derived from previously study

of Yang (Yang et al. 2009), while the others were selected

from Protein Data Bank (PDB). The corresponding cata-

lytic sites were obtained from Catalytic Site Atlas (Porter

et al. 2004).

WT analysis of NMR ensemble

Atoms, both in backbone and side chain, participate in

internal fluctuations. The alignment considering backbone

atoms alone might give different fluctuations of proteins

from the one taking side chain atoms for the further con-

sideration (Wu 2006). Here, we focused on the coarse-

grained level (Bahar and Rader 2005) and measured the

backbone atoms as representative markers to reduce the

computational task. For the enzymes with multiple chains,

one chain was measured.

Optimal alignment of structures in NMR ensemble

To detect internal positional fluctuations of a molecular,

rigid body translation and molecular rotation have to be

removed by optimal alignment of the NMR structures

(Okan et al. 2009). To minimize the RMSD between

structures, we employed Kabsch algorithm to superimpose

structures by finding the optimal rotation and translation

(Kabsch 1978; Kabsch and Sander 1983).

For a protein which contains N residues and M models,

each model k is represented by a 3N-dimensional vector.

pk
� �

¼ pk
1 pk

2 pk
3 . . . pk

N

� �T ð1Þ

where pk
i ¼ xk

i yk
i zk

i

� �
is the position vector of the

residue i in model k. Here, the coordination of Ca atom is

used for residue position. pi is defined as the position

vector of the residue i (represented by Ca atom) averaged

over the ensemble of M models. The mean structure, an

average over the coordinates matrix of the models, is

treated as reference structure to avoid different orientations

caused by different reference structures (Hess 2000). Each

model from the NMR ensemble is superimposed on the

reference structure. This procedure is iterated until the

averaged RMSD between successive average structures is

converged (Yang et al. 2009). The mean structure of final

best fitted structures is considered as the equilibrium

positions which residues fluctuate around. More details

about RMSD and optimal alignment produce were descri-

bed in Yang’s work (Yang et al. 2009).

Wavelet transformation

WT is an effective signal-processing method and exten-

sively used in bioinformatics and chemometrics for

de-noising, variable reduction, and signal compression

(Ehrentreich 2002). It has been used to calculate vibration

frequency (Rahaman and Wheeler 2005), detect the

molecular conformational change in MD simulation and

refine the numerous data of dynamics (Askar et al. 1996;

Otsuka and Nakai 2007). Wavelets are capable of
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de-noising a signal without appreciable degradation of the

original signal (Moore 2002). Wavelet analysis is espe-

cially appropriate for signals that are intermittent, non-

stationary, or noisy.

WT is defined as the projection of a function or a signal

f(t) onto the wavelet function.

Wf a; bð Þ ¼ f tð Þ;wa;b tð Þ
��
¼
Z

f tð Þwa;b tð Þdt ð2Þ

wa;b tð Þ ¼ aj j�1=2w
t � b

a

� 	
a; b 2 R; a 6¼ 0ð Þ ð3Þ

where a is the scale (dilation) and b is the position

(translation) parameter, w tð Þ is the basis function and

wa;b tð Þ is the basis wavelet function at a particular scale a

and a translation b.

wm;n tð Þ ¼ a
�m=2
0 wða�mt

0 � nb0Þ ðm; n 2 Z; a0 6¼ 0Þ ð4Þ

In this work, discrete wavelet transform (DWT) was

used and thus Eq. (2) can be written as Eq. (3), where

am
0 ¼ a and nb0am

0 ¼ b. DWT uses a0 = 2 and b0 = 1, and

therefore

wm;nðtÞ ¼ 2�m=2w 2�mt � nð Þ ð5Þ

For more details of the fundamentals of Wavelet

analysis, the reader is referred to articles of Ehrentreich

et al. (Ehrentreich 2002).

WT projects a signal onto a wavelet basis and decom-

poses it into scales of coefficients. Approximation and

detail coefficients represent the smooth and detail of signal

respectively (Li et al. 2008). At the deeper scale of

decomposition, less information is contained in the coef-

ficients. To analyze the internal fluctuations within an

NMR structure ensemble, three steps were adopted: (1)

Calculate the coordinate deviations of residues into

numeral matrix; (2) Decompose the signal by wavelet; (3)

Reconstruct the de-noised signal.

For an ensemble containing M models (1 B k B M) and

N residues (1 B i B N) per model, we built a matrix of M

rows each consisting of 3N-dimensional vectors for N

residues.

C ¼

Dp1
1 Dp1

2 Dp1
3 . . . Dp1

N

Dp2
1 Dp2

2 Dp2
3 . . . Dp2

N

Dp3
1 Dp3

2 Dp3
3 . . . Dp3

N

. . . . . . . . . . . . . . .
DpM

1 DpM
2 DpM

3 . . . DpM
N

0

BBBB@

1

CCCCA
ð6Þ

The corresponding Dpk
i describes the deviations in the

x-, y- and z-coordinates of the residue i from its mean

position pi.

Dpk
i ¼ pk

i � pi ¼ Dxk
i ;Dyk

i ;Dzk
i


 �
ð7Þ

Each row Ck is considered to be the original signal. DWT

based on Daubechies wavelet of order 8 (db8) was used to

decompose Ck. To separate the noise from the information

of internal fluctuations, we calculated approximation

coefficients and detail coefficients at different decom-

position scales. The latter were discarded while the former

were kept intact to reconstruct the fluctuation profile (Fadili

and Boubchir 2005). Rk is the reconstructed signal.

Rk ¼ D Prk
1 D Prk

2 D Prk
3 . . . D Prk

N

� �
ð8Þ

where D Prk
i ¼ DXrk

i ;DYrk
i ;DZrk

i

� �
is the refined deviation

of residue i in model k from its mean position.

Analysis of potential active sites (PASs)

Enzyme catalysis is an intrinsically dynamic process

(Boehr et al. 2006; Eisenmesser et al. 2002; Tousignant and

Pelletier 2004). Previous studies suggested that catalytic

residues are highly constrained to exhibit low flexibility

and prone to occupy the key positions corresponding to the

global hinge regions (Yang and Bahar 2005; Yang et al.

2009). In this part, PASs of enzymes were determined by

combining with positional fluctuation, sequence conserva-

tion and solvent accessibility.

Positional fluctuation scores

The mean square fluctuation (MSF) in the coordinate of

residue about its mean position provides a way to detect

protein internal fluctuations (Yang et al. 2007). In this

work, the maximal mean square fluctuation (mMSF) of the

particular residue over the whole ensemble was used to

character the internal fluctuation amplitude of the residue.

Original fluctuation score was deduced from Dpk
i while

the fluctuation score refined by WT was deduced from

D Prk
i .

f k
i ¼ D Pr

k

i

����

����

2

¼ ðDXrk
i Þ

2 þ ðDYrk
i Þ

2 þ ðDZrk
i Þ

2 ð9Þ

F ¼
f 1
1 f 1

2 f 1
3 . . . f 1

N

f 2
1 f 2

2 f 2
3 . . . f 2

N

. . . . . . . . . . . . . . .
f M
1 f M

2 f M
3 . . . f M

N

0

BB@

1

CCA ð10Þ

Fk ¼ f k
1 f k

2 f k
3 . . . f k

N


 �
ð11Þ

Fm ¼ fm1; fm2; fm3; . . .fmN½ � ð12Þ

The mMSF was standardized over the whole enzyme.

The most mobile residue was assigned 1 and the least

mobile one was 0. The normalized mMSF was represented

by Fm and the element fmi was the normalized mMSF of

the residue i.
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Conservation score

Highly sequenced conservation is one of the most signifi-

cant features of catalytic residues (Tang et al. 2008).

Conversation scores ranging from 1 (most variable) to 9

(most conserved) were assigned using the Consurf Server

(Landau et al. 2005).

Solvent accessible surface area

Solvent accessible surface areas of residues in each model

were calculated by DSSP (Kabsch and Sander 1983). The

values of solvent accessible surface area of a particular

residue differ from one model to another. We took the

mean solvent accessible surface area through the NMR

ensemble for representation.

Detection of the potential active sites

According to the study of Yang and Bahar, the tendency to

locate in the key mechanical sites of the molecule and the

low fluctuation scores of catalytic residues provide us a

pathway to identify PASs (Yang and Bahar 2005). Based

on the low fluctuations of catalytic residues, we detected

PASs by incorporating the information of sequence con-

servation and solvent accessibility.

First, in accordance with the previous statistical result

(Yang and Bahar 2005), we selected the sites whose

mMSF was lower than 0.1 (Yang and Bahar 2005; Yang

et al. 2009). Then we picked the most conserved ones

from the first selection due to the highly conservation of

catalytic residues (Bartlett et al. 2002; Tang et al. 2008).

Finally, we ranked the selected sites by their mean solvent

accessibility surface areas. The top-ranking ten (or less)

PASs for the examined enzymes are listed in supple-

mentary material.

Results and discussion

The positional fluctuation profiles of the 44 examined

enzymes were deduced from WT. The PASs were selected

based on the positional fluctuation score. 69 of the total 107

catalytic residues in these 44 examined enzymes were

identified. Partial detected PASs are listed in Table 1. More

results are obtainable in supplemental material.

Wavelet and decomposition scales

There are large number of known wavelet families which

can be selected to decompose the signals, such as Bior-

thogonal, Coiflet, Harr, Symmlet and Daubechies wavelets

(Mahmoodabadi et al. 2005). Different wavelet families are

applicable to different signals, and different decomposition

scales have different results in analyzing signals (Wen

et al. 2005). In this work, Daubechies wavelets were used

due to their simplicity and ability to yield better approxi-

mations to smooth signal (Lina and Mayrand 1995; Mah-

moodabadi et al. 2005). For the sake of choosing the

appropriate decomposition scale and Daubechies’ basis

type, the mean correlation coefficients between original

fluctuation scores and those refined by WT based on

Table 1 Identification of PASs based on WT of NMR structure ensembles

NMR Catalytic residuesa Top-ranking PASsb ac

1AH2 32, 62(1), 153, 215(4) 62, 38, 94, 215, 123, 213, 216, 195, 150, 201 0.83

1AO8 19, 26(4) 57, 30, 54, 26, 21, 6, 99, 14, 116, 42 0.83

1APS 23(2), 41(3) 17, 23, 41, 69, 19, 20, 15, 47, 37, 75 0.88

1AX3 66(7), 68, 83, 85 162, 116, 89, 135, 106, 91, 66, 31, 79, 81 0.97

1AYK 119, 136 75, 128, 140, 160, 122, 9, 118, 76, 84, 83 0.97

1BC4 10, 35(1), 103(4), 104 35, 50, 105, 103, 42, 102, 39, 83, 34, 81 0.85

1BM6 202, 219 223, 146, 170, 211, 151, 184, 205, 158, 166, 247 0.96

1BVE 25(7), 26(9) 29, 28, 87, 49, 88, 23, 25, 84, 26, 9 0.84

1BVM 30(4), 48, 99 43, 49, 111, 30, 39, 105, 5, 4, 52, 84 0.87

1C54 54, 65(1), 85(3) 65, 84, 85, 51, 22, 69, 59, 12, 11, 39 0.57

1EQ0 82, 92(1) 92, 121, 1, 10, 123, 95, 97, 124, 114, 37 0.61

a Catalytic residues derived from Catalytic Site Atlas, the order numbers of the catalytic residues in the Top-ranking PASs are written in the

brackets
b Top-ranking ten (or less) minima predicted by our method, residues in boldface are catalytic residues
c Correlation coefficients between pairs of original fluctuation scores and that deduced from by WT
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different Daubechies’ basis type at scale 1–3 were calcu-

lated respectively (Table 2). For the 44 examined enzymes,

they are 0.86, 0.83 and 0.78 at scale 1, 2 and 3 based on

db8, respectively. These strong correlations clarify that db8

is applicable to extract the essential internal positional

fluctuations of proteins.

Figure 1 shows the reconstructed fluctuation profiles of

phospholipase A2 (PDB ID: 1BVM) (Yuan et al. 1999),

with approximation coefficients only, at scales 1–3. The

y-axis indicates the mean square fluctuation scores and the

x-axis indicates the residue positions along the sequence.

The reconstructed fluctuation profile at scale 1 has the

strongest correlation with the original fluctuation profile.

However, the reconstructed fluctuation profiles at scale 2

and scale 3 are over smoothed. As a result, the fluctuation

magnitudes of some fragments are weakened. For

instance, the peaks between residues 30 and 40 at scale 2

and scale 3 are more flattened than that at scale 1. It is

clearly that the crudest approximate coefficients contain

most important information of internal fluctuations.

Therefore we chose the reconstructed fluctuation profile at

scale 1 based on db8 as the representation of internal

fluctuations.

Comparison of WT and PCA

PCA is also considered to be a useful tool for finding large-

scale motions in proteins. The first few principal compo-

nents (PCs) describe the collective motions of the system

(Boehr et al. 2006; Eisenmesser et al. 2002; Hess 2000). In

order to compare the performance of WT and PCA, posi-

tional fluctuation profiles of the 44 examined enzymes

were also deduced from PCA.

The mean correlation between the fluctuations deduced

from our methods and that from the first 3 PCs, 5 PCs and

10 PCs are 0.73, 0.84 and 0.85, respectively. The fluctua-

tion scores deduced from our methods are in good agree-

ment with those predicted by PCA except a few of

enzymes. For example, the fluctuation scores of angiogenin

(PDBID:1GIO) (Lequin et al. 1996) deduced from the two

methods are highly correlated (Table 3), however, there is

unlikeness in the fluctuation profiles. We examined the

fluctuation dynamics predicted by Gaussian Network

Model (GNM), which was proposed by Bahar et al. to

explore the intrinsic dynamics of proteins (Bahar et al.

1997; Yang et al. 2005). The slowest GNM mode usually

describes the largest amplitude fluctuations of the structure.

Figure 2 shows the positional fluctuation profiles of

angiogenin calculated by GNM for the first NMR model,

WT and PCA. The fluctuation profile deduced from WT is

in accordance with the slowest GNM mode. Even though

the first 10 PCs roughly explained 100% of the total

Table 2 Correlation coefficients of fluctuation scores deduced by

WT

Wavelet C1 C2 C3

db2 0.56 0.16 -0.01

db4 0.67 0.31 0.06

db6 0.81 0.59 0.35

db8 0.86 0.83 0.78

db10 0.80 0.59 0.34

C1, C2, C3 are mean correlation coefficients between original fluc-

tuation scores and that deduced from WT based on Daubechies family

at scale 1, scale 2 and scale 3, respectively

Fig. 1 Fluctuation profile of

phospholipase A2 deduced by

WT based on db8 at different

decomposition scale:

a reconstructed fluctuation

profile at scale 1;

b reconstructed fluctuation

profile at scale 2;

c reconstructed fluctuation

profile at scale 3
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variability (Table 3), the curve of fluctuations predicted by

the first 10 PCs can hardly reflect the fluctuation amplitude

of the residues. We also examined the fluctuation profiles

predicted by the slowest GNM modes for different NMR

models. It could yield the same results. For angiogenin,

WT is more competent in analyzing the deviations to

reveal internal positional fluctuations.

Determination of potential active sites

We investigated the positions of catalytic residues in the

fluctuation profiles, and confirmed that catalytic residues

exhibit low fluctuations and preferentially occupy the key

regions of highly constrained (Fig. 3). This result was also

established in other applications (Chen and Bahar 2004;

Yang and Bahar 2005; Yang et al. 2009). Tang et al.

reported that closeness centrality plays an important role in

predicting catalytic residues, and active sites usually have

more interactions with other residues (Tang et al. 2008).

The interactions between catalytic residues and the other

residues restrain their fluctuations. Catalytic residues are

apt to be located in the minima regions of the fluctuation

profiles. However, it is a challenge to identify catalytic

residues from the minima regions (Fig. 3). For determining

PASs, sequence conservation and solvent accessible sur-

face area were used. Several residues adjoining catalytic

residues were also top-ranked for their similarity with

catalytic residues.

We further calculated the secondary structure and sur-

face binding pocket using GOR (Garnier et al. 1996)

and EPOS_BP (http://gepard.bioinformatik.uni-saarland.de/

software/epos-bp), respectively. Figure 4 shows the sec-

ondary structure and binding pocket distribution of the

PASs determined by our methods. Similar frequencies are

observed for these two types of residues in b-sheets and

coil regions. Majority of the detected PASs are either at the

end of b-sheets or in the loops. Most PASs are located in

the largest three pockets. Non-catalytic residues are spatial

neighbors of catalytic residues, though they are not close to

each other in sequence (Fig. 5). It is reasonable to presume

that they probably collaborate with active residues for the

biological functions.

Conclusion

In this paper, we employed wavelet transformation to

effectively filter out the noise and investigated the impor-

tant internal positional fluctuations of enzymes within

NMR structure ensembles. The deviations from mean

positions of residues reconstructed by crudest approximate

coefficients are shown to contain the most important

information of internal fluctuations. Our results are in good

agreement with those predicted by PCA except a few of

enzymes (e.g. angiogenin). The fluctuations deduced from

WT appear to provide a better measure of internal fluctu-

ations. This may be due to the ability of WT to reveal

characteristics of the signals at multi-resolution. We con-

centrated on fluctuation amplitudes of residues, so it should

be noted that this method is unable to indicate the fluctu-

ation directions of residues. However, our results suggest

that as a widely used signal-processing method, WT could

be employed to extract essential positional fluctuations

within proteins as well.

To identify the catalytic residues, we investigated the

fluctuation score, conservation and solvent accessibility.

Table 3 Comparison the Fluctuation Scores of Angiogenin (PDB:

1GIO) obtained from WT and PCA

PCs a (%) dWT dGNM

PC3 78.34 0.69 0.04

PC5 88.25 0.72 0.08

PC10 100 0.73 0.10

PC3, PC5 and PC10 are the first 3, 5 and 10 principal components of

PCA

‘‘a’’ is the percent variability explained by the first n principal com-

ponents (PCs)

dWT is the correlation between fluctuation scores deduced from WT at

scale 1 based on db8 and that obtained from the first n PCs

dGNM is the correlation between fluctuation scores deduced from the

slowest model of GNM and that obtained from the first n PCs

Fig. 2 Fluctuation profiles of angiogenin (PDBID: 1GIO) deduced

from WT, PCA and GNM. The blue curve corresponds to the slowest

GNM mode for the first NMR model. The red curve corresponds to

the fluctuations deduced from WT based on db8 at scale 1 and the

black curve corresponds to the fluctuations predicted by the first 10

PCs
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We confirmed that catalytic residues tend to occupy key

positions of highly constrained and solvent accessible. The

analysis of enzyme internal motions gives an insight into

catalytic mechanism. However, greater progress is still

needed to unveil the relationship between protein dynamics

and their biological functions.

Fig. 3 Fluctuation profiles deduced from WT. The catalytic residues are marked with a closed square

Fig. 4 Secondary structure and

binding pocket distribution of

detected PASs. a Distribution of

secondary structure, a,b,c
correspond to a-helices,

b-sheets and coil (loop) regions,

respectively. b Distribution of

binding pocket, p1, p2, p3

correspond to the largest three

binding pockets, the fourth to

ninth largest binding pockets

and none pocket, respectively
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