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    Chapter 13   

 Predicting Real-Valued Protein Residue Fluctuation Using 
FlexPred                     

     Lenna     Peterson     ,     Michal     Jamroz     ,     Andrzej     Kolinski     , and     Daisuke     Kihara      

  Abstract 

   The conventional view of a protein structure as static provides only a limited picture. There is increasing 
evidence that protein dynamics are often vital to protein function including interaction with partners such 
as other proteins, nucleic acids, and small molecules. Considering fl exibility is also important in applications 
such as computational protein docking and protein design. While residue fl exibility is partially indicated by 
experimental measures such as the B-factor from X-ray crystallography and ensemble fl uctuation from 
nuclear magnetic resonance (NMR) spectroscopy as well as computational molecular dynamics (MD) simu-
lation, these techniques are resource-intensive. In this chapter, we describe the web server and stand- alone 
version of FlexPred, which rapidly predicts absolute per-residue fl uctuation from a three-dimensional pro-
tein structure. On a set of 592 nonredundant structures, comparing the fl uctuations predicted by FlexPred 
to the observed fl uctuations in MD simulations showed an average correlation coeffi cient of 0.669 and an 
average root mean square error of 1.07 Å. FlexPred is available at   http://kiharalab.org/fl exPred/    .  

  Key words     Bioinformatics  ,   Computational biology  ,   Support vector machine  ,   Support vector regres-
sion  ,   Protein residue fl uctuation  ,   Protein fl exibility  ,   Protein conformational fl exibility  ,   Protein struc-
ture  ,   Protein design  ,   Molecular dynamics  

1      Introduction 

 The function of many proteins is determined not only by their rigid 
three-dimensional (3D) structure but also by the fl exibility of pro-
tein chains [ 1 ]. Protein fl exibility can infl uence function by, for 
example, determining catalytic rates [ 2 ] and affecting ligand and 
protein interactions [ 3 ]. Knowledge of fl exibility is also important 
for accurate protein design [ 4 ,  5 ] and computational protein/
ligand docking [ 3 ,  6 ]. 

 Despite the importance of chain fl exibility, it is diffi cult to 
glean a full picture of a protein’s fl exibility via experimental meth-
ods. Information about atomic fl uctuations is refl ected in the 
B-factor in X-ray crystallography [ 7 ]; however, the fl uctuation is 
only one component of this uncertainty convolved with other 
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 factors that cause errors in model building. In particular, B-factor 
tends to underestimate the motion of fl exible regions [ 8 ]. Nuclear 
magnetic resonance (NMR) spectroscopy currently provides the 
most direct experimental evidence of fl exibility; nevertheless, the 
accuracy depends on the experimental setup and the mathematical 
model used [ 9 – 12 ]. Cryogenic electron microscopy (cryo-EM) 
can detect heterogeneous conformational states [ 13 ] but not 
small conformational fl exibility. Above all, experimental methods 
are costly in terms of time and resources and thus are not always 
applicable. 

 In order to augment experimental methods for determining 
protein fl exibility, many computational approaches have been 
developed to model protein dynamics. Molecular dynamics 
(MD) simulations model the motion of all the atoms in a protein 
on the picosecond to microsecond timescale [ 14 ], from which 
per-residue fl uctuation can be extracted. One approach to 
achieve faster results compared to MD is coarse-grained simula-
tions [ 15 – 19 ]. Using trajectories from MD or coarse-grained 
simulations, normal mode analysis [ 20 ] can depict an overview 
of the motion that is easy to grasp. Alternatively, Gaussian net-
work model (GNM) [ 21 – 24 ] uses a simplifi ed model of protein 
structures to simulate protein motion. Many works have used 
GNM or related approaches to predict B-factor [ 21 ,  24 – 29 ]. 
Another work uses a mean-fi eld model to predict fl uctuations 
[ 30 ]. Although these physics-based computational methods pro-
vide a physical view of atom- or residue- level protein fl uctuation, 
they are generally targeted toward computational biophysicists 
and may not be easy to use by experimental biologists. In addi-
tion to structure-based computational methods, there are meth-
ods that use sequence features to predict B-factor [ 31 – 33 ], 
relative motion [ 34 ], and two-state [ 35 ] or three-state [ 36 ] fl ex-
ibility. These methods are applicable to a larger number of pro-
teins since no structure is required, but with an inevitable decline 
in accuracy. 

 In this chapter, we describe the web server and stand-alone ver-
sion of FlexPred, which rapidly predicts the absolute fl uctuation of 
each residue in a protein structure. FlexPred is designed to predict 
the fl uctuations exhibited by a protein during a 10 ns MD simula-
tion (fast, comparatively small motions). Full details of the FlexPred 
method have been previously published [ 37 ]. We provide detailed 
instructions for using FlexPred and present example predictions for 
X-ray crystal structures of a monomer protein and a protein com-
plex as well as a monomer structure determined using NMR. Both 
the web server and the stand-alone version can be found at   http://
kiharalab.org/fl exPred    .  
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2    Algorithm 

 FlexPred predicts the residue fl uctuation observed during a 10 ns 
molecular dynamics (MD) simulation. MD fl uctuation, the theo-
retical range of motion of the atoms in a protein structure, was 
computed as the root mean square distance between the Cα atom 
in the MD simulation and the Cα atom in the reference PDB fi le 
averaged across all time steps of the MD simulation [ 37 ]. The 
values produced by FlexPred can be used to estimate whether a 
specifi c portion of a protein chain is fl exible and how fl exible that 
region is. 

 FlexPred uses static features of a protein structure to predict 
MD residue fl uctuation. The features tested were B-factor [ 7 ], resi-
due distance from the protein center of mass [ 38 ,  39 ], residue con-
tact number [ 40 ,  41 ], hydrophobic/hydrophilic [ 42 ] residue 
contact number, residue solvent accessible surface area [ 43 ,  44 ], 
residue depth [ 45 ], residue lower/upper half-sphere exposure [ 46 ], 
and secondary structure [ 43 ]. Details of each feature have been 
previously described [ 37 ]. FlexPred combines these features using 
the framework of support vector regression (SVR) implemented by 
LIBSVM [ 47 ]. It was trained on a non-redundant set of 592 molec-
ular dynamics (MD) simulations from the Molecular Dynamics 
Extended Library (MoDEL) [ 48 ]. Almost all (96.11 %) of the sim-
ulations were 10 ns in length and the rest were shorter. This is in 
the timescale of “fast” motions [ 14 ]; thus, FlexPred is not appropri-
ate for predicting large movements such as domain- domain motion. 

 FlexPred predictions were evaluated using Pearson’s correla-
tion coeffi cient and the root mean square error (RMS) of the differ-
ence between the predicted fl uctuation and the MD fl uctuation. 
The highest single static feature correlation to real fl uctuation was 
for residue contact number with a cutoff of 15 or 16 Å. This term 
had higher correlation to MD fl uctuation than did B-factor. GNM 
prediction was also tested as a feature. While GNM alone had a 
higher correlation to MD fl uctuation than did any static feature, 
including GNM in the feature set led to a consistent decrease in 
correlation coeffi cient [ 37 ]. Multiple combinations of features were 
tested and the highest correlation of 0.669 was observed with 
B-factor combined with residue contact number with cutoffs of 6, 
8, 12, 16, 18, 20, and 22 Å (Feature set 15) [ 37 ]. The RMS of this 
feature combination was 1.07 Å [ 37 ]. This feature set effectively 
encodes information about 3D structures in a lower dimensional 
feature space.  
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3    Web Server 

 The web server takes a 3D protein structure in PDB format as input 
and predicts a fl uctuation value for each residue of the protein. 
Figure  1  shows a screenshot of the web server input page.

         1.    Go to the web server homepage:   http://kiharalab.org/
fl exPred/    .   

   2.    Choose a PDB structure ( see   Notes    1   and   2  ):

   (a)    To upload your own PDB fi le, click "Browse…" (Fig.  1  (1)).   
  (b)    To use a published PDB structure, enter the 4-character 

PDB code (e.g. 1bfg) into the PDB code box. (Fig.  1  (2)).    
      3.    Choose the feature set (Fig.  1  (3);  see   Note    3  ):

   (a)    “With B-factor”: use this for X-ray structures.   
  (b)    “Without B-factor”: use this for NMR structures and com-

putational models.    
      4.    Click "Predict Fluctuation" (Fig.  1  (4)).   
   5.    The server will generally complete in 2–20 s.      

   Figure  2  shows a screenshot of an example web server output page. 
The top of the page shows an image of the structure with high fl uc-
tuation residues colored in red and low fl uctuation residues colored 
in blue (Fig.  2  (1)). The middle of the page shows a graph of the 
predicted fl uctuation for each residue number (Fig.  2  (2)). Below 
the graph are links to download a comma separated value (CSV) fi le 

3.1  Web Server Input

3.2  Web 
Server Output

  Fig. 1    The FlexPred web server query submission page. (1) Upload a PDB fi le or (2) choose a published PDB 
structure by ID. (3) Choose the feature set with B-factor for X-ray structures or without B-factor for NMR struc-
tures. (4) Finally, click “Predict Fluctuation.” (5) The software may also be downloaded       
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containing the predicted fl uctuations for each residue (Fig.  2  (3)) 
and a PDB fi le with normalized predicted fl uctuations in the 
B-factor column (Fig.  2  (4)). The CSV fi le can be conveniently 
viewed using spreadsheet software.

  Fig. 2    The FlexPred output page. (1) The structure with high fl uctuation shown in  red . (2) The fl uctuation of 
each residue. (3) Download link for the raw data fi le. (4) Download link for the PDB fi le with predicted fl uctua-
tion in the B-factor column       
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4        Stand-Alone Software 

 The stand-alone software requires Python and has only been tested 
on Linux. It takes a 3D protein structure in PDB format as input 
and predicts a fl uctuation value for each residue of the protein. 

       1.    Go to the web server homepage (  http://kiharalab.org/
fl exPred/    ).   

   2.    Under the heading “Download software,” “click” “download 
fi le” (Fig.  1  (5)).   

   3.    Expand the fi le using the command “tar -xvf fl exPred.tar.xz.”   
   4.    Download libsvm from   http://www.csie.ntu.edu.tw/~cjlin/

libsvm/     and compile.   
   5.    Edit “predictFluct.py” to set paths to libsvm and FlexPred.   
   6.    The script has two positional arguments:

   (a)    The fi rst argument is the path to the PDB fi le ( see   Notes    1   
and   2  ).   

  (b)    The second argument is the feature set. “NMR” uses the 
feature set without B-factor and “XRAY” uses the feature 
set with B-factor ( see   Note    3  ).       

   7.    Try the example protein: “ cd example; python ../predictFluct.
py 1BFG.pdb XRAY ” ( see   Note    4  ).   

   8.    To run FlexPred on other proteins: “ python predictFluct.py 
model_fi le.pdb [NMR|XRAY]. ”      

   The stand-alone version of FlexPred should complete within sec-
onds. The stand-alone software produces a text fi le containing the 
predicted fl uctuations for each residue.   

5    Case Studies 

 We present example FlexPred predictions using three types of pro-
teins: a monomer X-ray structure, a dimer X-ray structure, and a 
monomer NMR structure. The predictions for the X-ray structures 
use the “With B-factor” feature set while the prediction for the 
NMR structure uses the “Without B-factor” feature set. Figure  3  
and Table  1  show that FlexPred predictions have moderate to high 
correlation to real fl uctuation from MD simulations. On the test set 
in the previous paper, the average correlation coeffi cient was 0.669 
and the average RMS was 1.07 Å [ 37 ]. The MD fl uctuation is the 
RMS of the difference between each snapshot in the trajectory and 
the mean position of the trajectory.

    The fi rst example is the ssDNA binding protein gp32 (PDB ID 
1gpc) (Fig.  3a, b ). The highest core fl uctuation is in a loop around 

4.1  Stand- 
Alone Input

4.2  Stand- 
Alone Output
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residue 155. ssDNA fi ts into a cleft sized to exclude dsDNA [ 49 ], 
where minimal fl exibility was observed. High fl exibility could allow 
dsDNA to bind. Overall, the predicted fl uctuation agrees well with 
those in MD simulation. The prediction had a correlation coeffi -
cient of 0.839 and RMS of 0.83 Å to the MD simulation, better 
than the average correlation and RMS observed in the benchmark 
in the original paper [ 37 ] (Table  1 ). 

 The second example is the heterodimer of calmodulin (CaM) 
in complex with the CaM binding domain of CaM-dependent 

  Fig. 3    Examples of FlexPred predictions. ( a ,  c ,  e ) fl uctuation of each residue.  Green solid line : MD fl uctuation. 
 Orange dotted line : Predicted fl uctuation by FlexPred.  Yellow dashed line : NMR fl uctuation. ( b ,  d ,  f ) structures 
with high fl uctuation shown in  red  and notable high fl uctuation residues indicated with numbers. Proteins 
used: ( a ,  b ) single-stranded DNA binding protein gp32 from bacteriophage T4, residues 22–239 (PDB ID: 
1gpc). ( c ,  d ) Calmodulin (chain A) in complex with a fragment of Ca(2+)/calmodulin-dependent kinase kinase 
(chain B) (PDB ID: 1iq5). Calmodulin, Chain A, is residues 4–147 and shown in  blue . CaMKK, chain B, is resi-
dues 334–357 and shown in  yellow . ( e ,  f ) human transcription factor NFATc, DNA-binding domain, residues 
3–178 (PDB ID: 1nfa)       
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kinase kinase (CaMKK) (PDB ID 1iq5) (Fig.  3c, d ). The predic-
tion overestimated fl uctuations in comparison with the MD sim-
ulation, although the average correlation and RMS of the two 
chains were better than the average (Table  1 ). The high pre-
dicted fl exibility of the calcium binding loops (at residues 22, 
58, 97, and 132) may be because the features only consider the 
position of protein atoms, not the bound calcium ion. In the 
MD fl uctuation, the linker between the two domains (residue 
80) shows the highest core fl uctuation. It was observed that 
binding of the CaMKK peptide causes a shift in the relative angle 
of the two domains [ 50 ]. However, while FlexPred does predict 
fl exibility at the domain linker (residue 80), it is of similar mag-
nitude to multiple other loops. The lower magnitude of the pre-
dicted linker fl exibility could be due to the timescale of the 
domain-domain motion, which is likely longer than the 10 ns 
timescale of the training data. The accuracy for this complex is 
comparable to the accuracy for monomers (Table  1 ), indicating 
that while FlexPred was not trained using multimers, it is appli-
cable to predict the fl exibility of a protein- protein complex. 

 The third example is the NMR structure of the DNA binding 
domain of the transcription factor NFATc (PDB ID 1nfa) (Fig.  3e, 
f ). Because NMR structures lack B-factor, the prediction used the 
“Without B-factor” setting. The predictions are slightly worse than 
the average computed on the previous test of NMR structures [ 37 ]. 
For this example, we also computed NMR ensemble fl uctuation by 
computing the RMS of each model to the fi rst model (Table  2 ). It 
is interesting that FlexPred shows higher correlation to NMR 
(0.85) than to MD (0.58). In the NMR ensemble, the highest fl uc-
tuation in the core region (residues 13–172 [ 51 ]) is in a loop 
around residue 133, where both MD and FlexPred match the loca-
tion of the increased fl uctuation but with much lower magnitude. 

      Table 1  
  FlexPred prediction on two example X-ray protein structures   

 Structure  PCC 
 RMS 
(Å) 

 1gpcA  0.839  0.83 

 1iq5A  0.620  1.03 

 1iq5B  0.933  0.81 

 Prev. avg.  0.669  1.04 

  Pearson’s correlation coeffi cient (PCC) (perfect correlation is 1, no correlation is 0, and 
perfect negative correlation is −1) and root mean square deviation (no deviation is 0) 
between FlexPred and MD residue fl uctuations. Average values are from the X-ray data-
set in the original paper [ 37 ]  
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For NMR, the second highest core fl uctuation is in the DNA 
binding loop around residue 32 [ 51 ], where FlexPred matches 
NMR almost perfectly while the peak from MD simulation is 
shifted. Both FlexPred and MD show much higher fl uctuation 
than NMR for the loop around residue 158.

6       Conclusions 

 We outline the web server and stand-alone software for FlexPred, 
which predicts a real-valued absolute fl uctuation for each residue 
of an input 3D protein structure. The web server is easy to use and 
quickly provides accurate prediction with intuitive visualization. It 
is useful for analyzing function of a protein from its structure and 
for artifi cial design of proteins.  

7           Notes 

     1.    If the PDB fi le contains multiple models (generally only in 
NMR structures and marked by lines such as “MODEL 1” and 
“MODEL 2”), only the fi rst model will be considered.   

   2.    If the PDB fi le contains multiple chains (indicated with different 
chain IDs, e.g., A, B), all chains will be used to compute contact 
maps and a separate prediction will be made for each chain. If the 
protein is a biological monomer but the PDB fi le contains crystal 
contacts, additional chains should be removed from the fi le 
before prediction for the most accurate results. Protein oligo-
meric state is often annotated in the “REMARK 350” section of 
a PDB fi le and can be predicted using the PISA server [ 52 ].   

   Table 2  
  FlexPred prediction on an example NMR protein structure   

 Pair  Structure  PCC  RMS (Å) 

 FlexPred-MD  1nfaA  0.584  1.37 

 Prev. avg.  0.686  2.16 

 FlexPred-NMR  1nfaA  0.846  2.52 

 Prev. avg.  0.739  1.81 

 MD-NMR  1nfaA  0.471  3.37 

 Prev. avg.  0.651  2.42 

  Pearson’s correlation coeffi cient (PCC) (perfect correlation is 1, no correlation is 0, and perfect negative correlation is 
−1) and root mean square deviation (no deviation is 0) of fl uctuations between FlexPred and MD, between FlexPred 
and NMR, and between MD and NMR. Average values are from the NMR dataset in the original paper [ 37 ]  
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   3.    “With B-factor” uses feature set 15 from the original paper 
[ 37 ] (mean correlation coeffi cient 0.669, mean RMS 1.07 Å) 
and “Without B-factor” uses feature set 16 (mean correlation 
coeffi cient 0.660, mean RMS 1.09 Å). If "With B-factor" is 
selected but the B-factors in the fi le are all zero (0.0), “Without 
B- factor” will be substituted automatically.   

   4.    The stand-alone version requires write access to the directory 
where the input PDB fi le is located.         
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