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Abstract:
Understanding the structural plasticity of proteins is key to understanding the intricacies of their functions and mechanistic
basis. In the current study, we analyzed the available multiple crystal structures of the same protein for the structural
differences. For this purpose we used an abstraction of protein structures referred as Protein Blocks (PBs) that was
previously established. We also characterized the nature of the structural variations for a few proteins using molecular
dynamics simulations. In both the cases, the structural variations were summarized in the form of substitution matrices of
PBs. We show that certain conformational states are preferably replaced by other specific conformational states.
Interestingly, these structural variations are highly similar to those previously observed across structures of homologous
proteins (r2=0.923) or across the ensemble of conformations from NMR data (r2=0.919). Thus our study quantitatively
shows that overall trends of structural changes in a given protein are nearly identical to the trends of structural differences
that occur in the topologically equivalent positions in homologous proteins. Specific case studies are used to illustrate the
nature of these structural variations.
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1. Introduction
Proteins exhibit a higher degree of structural conservation compared to sequence conservation1-4 as they require
maintaining certain key residues in a specific orientation to fulfill their functional constraints 5-9. Proteins are also known
to be dynamic entities. Their intrinsic dynamic nature is encoded in the amino acid sequence itself as suggested by the high
dynamics associated with certain intrinsically disordered proteins displaying compositional bias10. These conformational
changes occur also due to natural events such as binding of a ligand and association with other proteins or nucleic acids and
also due to thermodynamic fluctuations in proteins. Extrinsic factors like molecular packing in the crystal lattice, pH,
temperature, pressure and crystallization conditions are also known to affect the protein conformation. There are several
studies that document the dynamic nature of proteins11-15 contributed by one or more of these factors. The user friendly
ConTemplate12 webserver takes as input a protein structure (or model) and proposes possible alternative conformations for
the protein. The Protein Data Bank16 Flexibility (PDBFlex)13, Conformational Diversity of the Native State (CoDNaS) 14 and
Conformational Change Profile (CCProf)15 and studies document the structural variations in proteins sharing >=95%

sequence similarity. For the current study we focus only on proteins sharing exact (100%) sequence identity. The observed
structural changes in this dataset may be caused by diverse factors. Considered collectively, multiple structural entries for a
given protein represent stable (crystallizable) conformers and they represent the extent of structural diversity possible in a
protein irrespective of the factor causing the structural change.

In this work, inspired by the availability of CoDNaS resource, we studied the local structural changes observed over a large
collection of alternate crystal structures of the same protein using Protein Blocks (PBs), a structural alphabet. Protein Blocks
are a 16 state classification of pentapeptide fragments that can abstract any part of a protein backbone structure17-18. The
versatility of PBs to abstract protein structures have been exploited for diverse applications: to predict protein structure 19-21,
in fold recognition22,23, for structural motif identification24-26, molecular dynamics trajectory analysis 27,28 etc.39 Furthermore,
PBs have been shown to be convenient in identifying local structural variations in proteins 29,30. It is also effective in
differentiating between structurally variable and conserved regions in protein structures31,32. The relationship between this
PB based metric and the conventionally used root mean squared deviation (RMSD) have been extensively presented and
discussed in other studies29,31. Previously, non PB based studies have been undertaken to analyze structural variations in
homologous proteins using normal mode analysis33 and Gaussian network approach34,35 and also structural variations
inherent to proteins36. The novelty of our current work lies in analyzing the structural variations occurring within a set
proteins and to compare them with those occurring between their respective homologues. PBs have been used to
characterize the nature of the structural variations observed across structures of homologous proteins 32,29 and conformers
from NMR ensembles30. From these analyses, two PB substitution matrices were derived. One PB substitution matrix
summarizes the local structure variations occurring between structurally equivalent regions across homologous structures
and another between alternate NMR models. The comparison of the two matrices showed a high degree of similarity in the
nature of structural variations at play in these two contexts.

In this work, we extended this analysis by investigating the nature of the structural variations observed between conformers
of the same protein derived from multiple crystallographic instances and from conformations explored during molecular
dynamics simulations. Inherent to the nature of these datasets, these structural variations are not drastic but the structural
variations that do occur in the protein backbone, are statistically very similar to those observed across homologous
structures or across models from NMR experiments.We summarized these structural variations in the form of two additional
substitution matrices and investigated how they relate to the matrices established previously29-32.

2. Materials and Methods
2.1 Datasets
To analyze the structural variations across multiple entries of the same protein in the PDB 16, all protein chains were
considered independently. If a PDB entry has 2 identical protein chains (e.g a homodimer), some structural variations could
be observed between them, hence justifying they are considered separately. All the 250,000 protein chains available in the
PDB at the time of the study were clustered at 100% sequence identity using the BLASTClust algorithm38. This resulted
in 56,829 clusters of identical protein chains with the largest cluster being the one with the capsid protein of HIV-1 with
2,580 chains. These are viral capsid proteins in multimeric forms that were solved by different research groups. Out of these
56,829 clusters, singletons were not kept since a minimum of two structures in a cluster is needed in order to study their
structural variability. Further our study focuses only on structures solved by X-ray crystallography with a resolution of 2.5
Å or better. Protein chains with chain breaks were also removed. After this filtering process we were left with a total of
254,979 protein chains distributed in 23,631 clusters. From this dataset, a total of 7.8 million pairwise comparisons were
performed. For example, in a cluster with n=30 protein chains, we made a total of 435 (i.e. (n*(n-1))/2) pairwise
comparisons .

2.2 Protein Blocks
Protein Blocks are a library of 16 backbone conformational states (structural alphabet) denoted by the letters a to p. The
orientation of the backbone atoms in any five consecutive residues in a protein structure can be defined by a series of 8
torsion angles (φ,ψ). PBs are defined by 16 sets of these 8 torsion angles. This standard library of torsion angles were
determined by unsupervised clustering of the torsion angles from a non-redundant set of proteins17. Parsing a protein
structure through a sliding window of 5 residues enables abstraction of the backbone 3D structure into 1D string of PBs.
The PBE-T (Protein Block Transform) tool available on the PBE (Protein Blocks Expert) web-server (http://www.boprotscience.fr/pbe/?page_id=10) can be used to encode protein structures into PB sequences 37. There are many advantages
to approximating protein backbone conformation using PBs and a number of applications have been developed based on
PBs39.

2.3 Molecular dynamics
A collection of 130 structures of unrelated proteins were subjected to molecular dynamics simulation using the
GROMACS40 program for a duration of 10 ns each. These proteins shared less than 30% sequence identity with one
another, were single chain proteins with no chain breaks and no ligands bound. Further structural criteria imposed were a X-

ray crystallographic resolution better than 1.75 Å, R-factor <0.18 and free R-factor <0.24. The simulations were carried out
in NPT conditions using the Amber99SB-ILDN force field with TIP3P water model at 300K temperature and 1 atm
pressure. The leapfrog integrator was used with the timestep set as 2 fs. Periodic conditions were applied. Global charge
was neutralized to 0.15 mol/L with Na + and Cl- ions.

2.4 Generating the matrices
Structures of 254,979 protein chains in our data set were represented as sequences of PBs using an in-house Perl script.
Multiple structural entries of the same protein represented as PB sequences were compared in an all-vs-all fashion. PB
sequences that constituted our dataset are provided in supplementary material S4. To ensure only structurally equivalent
regions of both the proteins were being compared, the missing residues at the N-terminal and C-terminal were adjusted by
introducing appropriate number of gaps to the shorter sequence. The PB variations from these 7.8 million pairwise
comparisons were cumulated and used to populate a 16 X 16 variation matrix. Henceforth this matrix is referred to as the
altconfMAT because it summarizes the alternate conformations of crystallographic structures.

An equivalent 16 x 16 matrix was constructed that summaries the PB change between snapshots during the MD simulation.
Out of the 10 ns simulation, the first 5 ns were not taken into consideration for the analysis to allow for the system to
stabilize. Coordinates of the protein structure were written out after every 250 ps. Hence we get 19 sets of coordinates for
each of the 130 simulations. These coordinates were converted into PB sequences exactly in the same manner as described
before. Similarly, the corresponding PB sequences that constituted this dataset are provided in supplementary material S4.
The PB variations among these PB sequences were used to populate the second PB variation matrix, henceforth called the
dynamicsMAT.

Since all the 16 PBs do not occur in the same frequency in protein structures, the matrices so obtained needs to be
normalized. As described previously29,30, the normalization was carried out as per the procedure described by Johnson and
Overington41 (Eqn. 1). Sx,y is the normalized score for variation of PB x to y, Nx,y is the raw count of PB x varying to PB y
and M is the total number of PBs i.e. 16.

Eqn. 1

In the dynamicsMAT dataset there were no PB n ↔ PB d changes observed, hence in order to avoid undefined values during
the normalization process, the value was changed from 0 to a nominal value of 0.0001. This value was chosen to be lower
than the lowest observed value in the matrix.

3. Results and Discussion
3.1 Inferences from qualitative analysis of structural plasticity
Previously, backbone structural differences, as inferred from Protein Block (PB) variations observed among models in
NMR ensembles of large number of NMR structures of proteins were compared to the structural differences observed in
topologically equivalent regions of homologous protein structures 30. The cumulated normalized frequencies of PB variations
in NMR ensembles and homologous protein structures were represented as matrices referred to as NMRMAT and
homologueMAT respectively. The Pearson correlation coefficient between the two matrices (0.92) suggested an excellent
correlation30. We were interested to see how the newly established PB variation matrices, altconfMAT and dynamicsMAT
(see section 2.4), related to the previously established NMRMAT and the homologueMAT matrices.

The correlations between each of these matrices are summarized in Table 1. All the correlation coefficient values are quite
high with lowest value of about 0.87. This means backbone conformational variations observed in the same proteins in
different crystal structures, variations observed during molecular dynamics simulations, variations among the models in
NMR ensembles and differences observed in topologically equivalent positions in homologous protein structures are all
well correlated with one another. The best correlation is between NMRMAT and homologueMAT matrices. All the other
matrices show similar correlation values with the lowest correlation coefficient between NMRMAT and dynamicsMAT
matrices (r2=0.87). A finding from our work is that, overall, the backbone structural variations due to dynamics and
structural differences between homologues are highly similar. Furthermore, to ascertain that these correlations are not an
artifact of the non-variant PBs occuring in the diagonals of these matrices, we recalculated the correlations excluding the
diagonals. These results show a slight reduction in the correlation but very similar trends hence indicating that the bias
brought about by the non-variant PBs is minimal.

Table 1: Correlation among the three PB variation matrices (NMRMAT 30, altconfMAT, dynamicsMAT) and the PB
transition matrix (homologueMAT29). The values in the brackets are the correlations calculated by excluding the
non-variant (diagonal) PBs.
homologueMAT
NMRMAT
altconfMAT
dynamicsMAT
1
homologueMAT
0.945
1
NMRMAT
(0.921)
0.923
0.919
1
altconfMAT
(0.908)
(0.850)

dynamicsMAT

0.910
(0.864)

0.872
(0.787)

0.922
(0.885)

1

Torsion angles of the PBs are organized in such a way that specific PBs have a higher predisposition to be present in certain
secondary structure elements (SSE). PBs a, b and c correspond to the N-terminal capping regions of β-strands, PB d
corresponds to the geometry of β-strand central regions, PBs e and f to C-terminal caps of β-strands. The counterparts for
the helices are PBs k and l for the N-terminal caps, PB m for the central region and PBs n, o and p for the C-terminal caps.
PBs g, h, i and j represent the loop regions. Therefore, as expected, PBs representing the ends of the spectrum namely PBs
m and d show the least structural variation. This is represented by Figure 1’s rows (or columns) of PB m and PB d having
the highest shades of red in the heat map. This pattern is consistent across all the four matrices. Apart from the PBs m and d,
the PB f and PB k are highly represented in the top five invariant PBs. They represent the C-terminal of β-strands and Nterminal of helices respectively. The PBs g, j, b, h and i are highly represented in the top 5 varying PBs across all the four
matrices. PB b is the exception in this list as it typically corresponds to the N-terminal cap of β-strands whereas the other
PBs correspond to the loop regions.

Figure 1. Tri colored heat maps of the four substitution matrices.
(a) altconfMAT. (b) dynamicsMAT. (c) homologueMAT. (d) NMRMAT.

3.2 Inferences from quantitative analysis of structural plasticity
All the 4 matrices are symmetric across the diagonal. Diagonal elements represent extent of retention of PBs and the off
diagonal values correspond to PB substitutions. The proportion of the sum of the raw counts of off-diagonal elements to the
sum of all the raw counts of the matrix reflects the amount of structural variability captured by that particular matrix. For
the altconfMAT this value is 4.88% and it is 7.04% for the dynamicsMAT matrix. The sum of the values of a row in the
normalized matrix is a measure of how favorable or unfavorable the particular PB is to structural variations. The more
negative this value is, the more resistant that particular PB is to structural variations (see supplementary material S1 for

individual PB values for all the four matrices). PBs m and d often correspond to the central regions of α-helices and β-sheets
respectively (92% and 75% of -helix and -sheet respectively18). The extent to which PBs m and d are refractory to
structural variation are very comparable in the altconfMAT and dynamicsMAT. However, this is not the case for the
previously established matrices- the NMRMAT and the homologueMAT. In both these cases, PB m is significantly better
retained than PB d.

Once it is established that the central regions of the regular Secondary Structural Elements (SSE), α-helix and β-sheet, are
mainly structurally invariant, we now focus on the loop regions and the interface of loop and SSE. In the altconfMAT
matrix, this amounts to 78.2% of the structural variations out of which 64.3% are from the capping regions of the SSEs. In
the case of dynamicsMAT, 65.9% of the variations are from the capping regions and this value increases to 79.4% if the loop
regions are included (see Supplementary materials S2 for a more detailed break-up of which regions contribute to the
variations). It must be noticed that the distribution of PBs in the central regions of SSEs, capping regions of SSEs and the
loop regions are not absolute. For example, although the PBs g, h, i and j represent the loop regions we can occasionally
find other PBs in the loop regions as well.

The correlation coefficients listed in Table 1 are overall values for all the 16 PBs. They can hide differences in correlation at
the individual PB level. Hence we decided to calculate the individual PB wise correlation between these four matrices.
Figure 2 is a plot of these PB-wise correlations. In each case the red line corresponds to the overall correlation, the points
above contribute positively to the correlation and the ones below negatively. The NMRMAT vs dynamicsMAT PB wise
correlation shows the maximum dispersion.

Figure 2. Individual PB wise correlation between the four matrices.
(a) homologueMAT vs NMRMAT (b) homologueMAT vs altconfMAT, (c) NMRMAT vs altconfMAT, (d) homologueMAT vs
dynamicsMAT, (e) NMRMAT vs dynamicsMAT, (f) altconfMAT vs dynamicsMAT. The global correlation values in Table 1
are represented by the horizontal red lines. Points above this line contribute positively to the correlation and the ones below
negatively.
3.3 Case study of structural variations in alternate conformations of the same protein
Implications of different functional states or conformational changes potentially induced by ligand binding on the backbone
conformational variations in a given protein were analyzed. The cluster we get from BLASTClust filtered at 100%
sequence identity for human tyrosine kinase consists of three structures (PDBID: 2SRC 42, 1Y5743, 1FMK44). Their
superimposition featured in Figure 3 clearly shows that there are large structural variations that are induced upon binding to
MPZ ligand.

Figure 3. Comparison between 3 structures of human tyrosine kinase C-SRC by rigid body & flexible
superimposition.
Shown in blue is the unbound form (PDBID 1FMK) 44, in red is the conformation (PDBID 2SRC) when it binds to
phosphoaminophosphonic acid adenylate ester (ANP)42 and in green is bound form to MPZ ligand (PDBID 1Y57) 43.
Ligands are not shown for clarity. (a) Shown is the rigid body superimposition of the 3 structures. (b) Shown is the rigid
body pairwise superimposition between 2SRC and 1FMK with a calculated RMSD of 0.8 Å. (c) Shown is the rigid body
pairwise superimposition between 2SRC and 1Y57 with a calculated RMSD of 21.0 Å. (d) Shown is the pairwise flexible
superimposition between 2SRC and 1Y57 after introducing a twist at position 259 using FATCAT that resulted into a
calculated RMSD of 2.7 Å.
These are further compared using protein blocks below. Figure 4 shows the PB alignment between the structures of human
tyrosine kinase C-SRC bound to ANP ligand (PDBID 2SRC) and to MPZ ligand (PDBID 1Y57). The regions marked in red
are the regions that show structural changes based on PBs. A total of 75 out of the 452 PBs variations are observed. Rigid
body superposition of the two structures using the ProFit45 software (http://www.bioinf.org.uk/software/profit/) results in a
high RMSD of 21.3 Å (Figure 3c). When the same two structures are aligned flexibly using the FATCAT program 46 the
RMSD reduces to 2.7 Å (Figure 3d). This was achieved by the FATCAT algorithm 46 by introducing a twist located at
residue 259. Indeed, in this region PB sequence between the two structures showed a major difference with a twist at
residue Leucine 255, here PBs behia are aligned with PBs addfk (Figure 4). When the same structure is compared with the
ligand unbound form (PDBID 1FMK) 68 PBs show variation and most importantly the region of the twist shows only one
PB change as opposed to 5 PB changes in the previous case (Figure 5).

Figure 4. PB alignment between two structures of human tyrosine kinase C-SRC bound to ANP ligand (PDB ID
2SRC) and MPZ ligand (PDB ID 1Y57) captured by altconfMAT matrix.
Shown is alignment of chain A for both structures. The region responsible for the high RMSD value calculated after rigid
superimposition is circled in red. This region displays drastic PB variations that reflect a major twist in the backbone at the
level of leucine 255.

Figure 5. PB alignment between two structures of human tyrosine kinase C-SRC in the unbound form (PDB ID
1FMK) and bound with ANP ligand (PDB ID 2SRC).
This is an example of structural variation captured by altconfMAT matrix. Shown is alignment of chain A for both
structures. The region featured in Figure 10 is again circled here. This region displays minor PB variations that reflect very
little change in the backbone conformation in this region.
Figure 6 shows the structure of a mutant amidase from Geobacillus pallidus (PDBID 4LF0)47 at the end of 5 and 10 ns of a
molecular dynamics simulation. The regions marked in red are the regions that show structural changes between these two
states. In this case 25 out of 340 PBs showed variations. In both the cases, the PBs corresponding to the capping regions of
secondary structural elements and loop regions are highly represented. The logical succession to this work would be to
characterize the structural changes during a molecular dynamics simulation at different time steps .

Furthermore, when we consider the above examples of tyrosine kinase and amidase and compare them
to their respective 95% sequence homologues, we see similar PB substitutions between them. The
frequently occurring PB l ↔ b variation in alternate structures of tyrosine kinase (8 instances) are also
seen between their homologues (5 instances). There are also three instances of PB l ↔ b variation each
for alternate structures vs. homologues of amidase, hence indicating a correlation in structural
variations. Detailed representation of these alignments are included in supplementary material S3.

Figure 6. Example of the structural variation captured by dynamicsMAT matrix after 5 and 10 ns MD simulations.
Shown is the PB variations observed in an amidase (PDB ID 4LF0) after 5 and 10 ns MD simulations. On the left is the
cartoon representation of the x-ray structure and on the right are its corresponding PB sequences after 5 and 10 ns MD
simulation. The regions marked in red represent structurally varying regions between the two structures extracted at these
simulation times.
3.4 Case study of structural variations between two homologous proteins having alternate conformations
Implications of backbone conformational variations in a given protein on the perceived structural differences between
homologous proteins were analyzed in this case study. In this analysis we used PB-ALIGN31 to compare two homologous
proteins each having multiple alternate conformations. The main results are featured in the form of network (Figure 7). The
cluster in red corresponds to alternate structures of human sulfotransferase and the ones in green are various conformational
states of the homologue from mouse. All the members of a single group share 100% sequence identity but inter group
members share 59% sequence identity. The edges in red and green represent intra-group alignments and the blue edges are
inter-group alignments. The alignment scores were normalized by length. In all cases the edge length corresponds to the
normalized alignment scores, higher alignment scores correspond to shorter edges. Global distribution of the normalized
alignment scores are featured in (Figure 8).

Figure 7. Network showing structural (dis)similarity between mouse and human sulfotransferases each having
multiple alternate conformations.
The red nodes are the group of human sulfotransferase structures while the green nodes represent the group of mouse
structures. Intragroup alignments are colored in red and green respectively. Intergroup alignments are colored in blue.
Distance between nodes are inversely proportional to the normalized alignment scores. Intragroup distances for the mouse
sulfotransferases are lower than any intergroup distance. Some of the intragroup distances for the human sulfotransferases
are greater than some its intergroup distances.

Figure 8. Distribution of PB-ALIGN normalized alignment scores.
On the left is the distribution of the normalized alignment scores for the mouse sulfotransferase structures group. On the
right is the distribution of the normalized alignment scores for the human sulfotransferase structures group. In red are the
inter group normalized alignment scores. In green are intra group alignment scores. Intragroup scores for the mouse
sulfotransferases are higher than any of its intergroup scores. Intragroup scores for the human sulfotransferases show some
overlap with some of its intergroup scores. This overlap is indicated in blue in the histogram on the left.

The closest inter group structures (PDB ID 1LS6 chain A and PDBID 2ZYV chain X) have a normalized alignment score of
1.83 and the farthest pair (PDB ID 2D06 chain A and PDB ID 2ZVP chain X) have 1.65. Their corresponding all atom
superposition RMSDs are 0.40 Å and 0.46 Å, respectively. The difference in normalized alignment score (0.177) and
RMSD (0.06 Å) seem to be minor but it is noteworthy that this variability is seen in homologues sharing a high sequence
identity of almost 60%. We can expect this variability effect to be more pronounced in homologues sharing much lower
sequence identity and also when the sizes of the groups are larger. More importantly, as shown in Figure 7, taking one
conformation of the human sulfotransferase as a reference (PDB ID 1LS6 chain A), it can be seen that a mouse
sulfotransferase (PDB ID 2ZYV chain X) conformation is strikingly more structurally similar to it than another
conformation of the same human sulfotransferase (PDB ID 2D06 chain A).

4. Conclusions

We showed that the backbone structural differences, represented as Protein Blocks (PBs) observed in the data set of
multiple crystal structures of a given protein are remarkably similar to the structural differences between the homologous
protein structures. In other words, overall trends observed in structural changes in a given protein are nearly identical to the
trends of structural differences that occur in the topologically equivalent positions in homologous proteins. Different PBs in
topologically equivalent positions in two homologous proteins can be characterized by high exchange frequency. Therefore,
if one considers the fact that the easily exchangeable PBs within a protein and between the homologous proteins are nearly
the same, it could be inferred that backbone structures of homologous proteins are more similar than previously thought.
This also means that upon superposition of two homologous proteins, two residues which are not found to be topologically
equivalent, maybe topologically equivalent if different crystal structures of the homologues are superimposed.

Our analysis of comparison two homologous protein structures by considering all multiple crystal structures available for
the two homologues shows that the extent of structural variability within a protein can be similar to the extent of structural
differences between the homologues. Indeed we have shown that structural similarity measure among multiple crystal forms
of a given protein can be less than the structural similarity measure between the protein under study and its homologue.
Therefore if one considers conformational changes intrinsic and extrinsic in two homologous proteins, it appears that
homologous protein structures more closely resemble each other than what one might infer based only on comparing one of

the conformers of each of the two homologues. Therefore, a more complete understanding of how similar the structures of
two homologues is arrived at by considering multiple crystal structures of same two proteins.

Molecular dynamics simulation and models from NMR ensembles seem to capture different aspects of protein structural
dynamics, as indicated by the lowest correlation between the dynamicsMAT and NMRMAT, see Table 1.
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