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Core deformations in protein families: a physical perspective
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Abstract

An analysis is presented on how structural cores change shape within protein families, and whether or not there is a relationship between
these structural changes and the vibrational modes that proteins experiment due to topological constraints. A set of 13 representative and
well-populated protein families are studied. The evolutionary directions of deformation are obtained by applying a new multiple structural
alignment technique to superimpose the structures and extract a conserved core, together with Principal Components Analysis (PCA) to
extract the main deformation modes. A low-resolution Normal Mode Analysis (NMA) technique is used in parallel to study the properties of
the mechanical core plasticity of the same proteins. We find that the evolutionary deformations span a low dimensional space. A statistically
significant correspondence exists between these principal deformations and the vibrational modes accessible to a particular topology. We
conclude that, to a significant extent, the structures of evolving proteins seem to respond to sequence changes by collective deformations
along combinations of low-frequency modes. The findings have implications in structure prediction by homology modeling.

© 2005 Elsevier B.V. All rights reserved.
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1. Introduction

One stagnant area in structure prediction by homology
modelling is model refinement [1]. Results from every CASP
edition consistently highlight that no model has resulted to be
closer to the target structure than the template to any
significant extent, i.e., the maximum improvement is never
larger than ~0.4 A. By contrast, the average RMSD in the
structural core among remote homologues (those below 40%
sequence identity) is about ~2.0 A (vide infia). This indicates
that there is a great need for a more accurate modeling of
distortions and rigid body shifts imposed by sequence
changes among protein homologues. Here, we study the
main directions of protein structural change among multiple
homologous proteins using multiple structural alignments
and Principal Components Analysis (PCA) [2], and study
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their relationship with the low-frequency modes of vibration
imposed by the protein topology [3]. We evaluate quantita-
tively the relationship between both spaces as well as the
statistical significance of the overlap. We show that in fact a
statistically significant relationship can be found. The
implications in homology modeling are briefly discussed.

2. Methods
2.1. Data set

The data set (Table 1) was selected from the ASTRAL40
structural database [4]. A sample of thirteen large, well-
studied superfamilies, classified according to the SCOP
classification [5], has been selected. The maximum
percentage of identity between structures is 40%, while
the average sequence identity in the core among the pairs is
of ~25%.
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Table 1

Protein families analyzed and summary of PCA results

Family #Struct #Core %Core <rms>*o # PC’s
GLOBINS 23 75 69 1.891+0.63 5
KINASES 22 166 64 2.03+£0.47 6
IMMUNOGLOBULINES 23 50 58 1.92+0.54 6
GLUTATION S-TRANSF 22 67 59 1.90+0.51 6
INTERLEUKIN 8-LIKE CHEM. 11 51 83 1.63£0.71 4
RNA-BINDING DOMAIN 21 51 68 2.70£0.59 5
FIBRONECTIN 46 38 45 2.34£0.89 9
CYTOCHROME C 16 36 46 1.64+0.43 3
THIOREDOXIN-LIKE 35 39 53 2.08+0.84 3
SH3 24 34 60 1.87+0.55 5
CUPREDOXINS 22 48 49 2.00£0.56 4
SNAKE TOXIN-LIKE 11 36 60 1.49+0.41 4
ALDOLASES 19 84 40 2.07£0.45 5

#Struct, number of structures for each family; #Core, the core size to the subjected to PCA, as obtained from the multiple structural alignment; #PC’s, the
number of principal components required to explain 70% of the variance in the core; <rms>*o¢, average RMS and standard deviation of the proteins in that set;
%Core, percentage of core with respect to the smallest protein in the set.

Set of ASTRAL domains used: GLOBINS (d3sdha, d1b0b, d1h97a, d1j17a, dlaébm, dlmba, dleco, d2gdm, dlirda, dl1gcva, dl1hjb, dlcgSb, dlgevb, dlit2a,
dlash, dlitha, d1hlb, dlcqxal, dlewb6a dldlwa, dldlya, dlidra d1kr7a); KINASES (d1jvpp, dlapme, d1a06, d1kwpa, dlo6la, d1a8a, d1phk, d1gnga, dlkia,
dlkoba, dlpme, dlcsn, dllpua, d1b6eb, d1f3me, dlhowa, dljksa, dlo6ya, dlgpca, dlfgka, dlir3a, dlml4a); IMMUNOGLOBULINS (dlc5ch2, dlc5cl2,
d1dn0b2, d1dr9a2, d1fngal, dl1fngbl, d1fpSal, d1fp5a2, dlgzqal, dlhdmal, dlhdmbl, dlhxma2, dlThxmb2, dlhyrcl, dliam_1, d1k5nal, d1k5nb, d1kgce2,
dll6xal, dloOval, dlvcaal, dlzxq_ 1, d2fbjh2); GLUTATION-S-TRASNFERASES (dlglgal, d2gstal, dlk3yal, dldugal, dloe8al, dlljral, dliyhal,
dlmOual, d2gsq_1, dleemal, dle6bal, dlgwcal, dloyjal, dljlval, dlgnwal, dlaw9_1, dla0Ofal, d1f2eal, dlg7oal, dlkOdal, dlnhyal, d1kOmal),
INTERLEUKIN 8-LIKE CHEMOKINES (d1080a, dlm8aa, dlcm9a, d1b3aa, dldoka, dlelOa, dleiha, dl1g2ta, d1j9oa, d1f2la, d1tvxa), RNA-BINDING
DOMAIN (d113kal, d113ka2, dlnuda, d2ula, d2u2fa, dloOpa, dlu2fa, d1fxlal, d1fxla2, d2msta, dlcvjal, dlcvja2, dlgm9al, dlqm9a2, d1fj7a, d1fjeb2,
d1h6kx, d1oo0Ob, dlowxa,d1koha2,d1jmta), FIBRONECTIN (d2hft_1, d2hft 2, dl1fna, d1fnf_1, d1fnf 2, d1fnf 3, d1fnhal, d1fnha2, d2fnba, d1j8ka, d1qrdal,
dlqrda2, dlcfb_1, dlcfb_2, d1lwra, d1k85a, d1qg3al, dl1qg3a2, dlaxibl, dlaxib2, dleerbl, dleerb2, d1f6fbl, d1f6fb2, dliarbl, dliarb2, dlgh7al, dlgh7a2,
dlgh7a3, dlegja, dlcd9bl, d1cd9b2, d1fyhbl, d1fyhb2, dlbqual, d1bqua2, dlilral, d1lgsrl, d1lgsr2, d1bpv, d1f42a2, d1f42a3, d1n26a2, d1n26a3, dIn6val,
dln6va2), CYTOCHROME C (dlhloal, d1fcdel, dlfedc2, detpa2, dlhloa2, d1h32b, d1¢53, dlcnoa, d1¢52, d451c, d1ql3a, dlyce, d1i8oa, d1cot, d1kbOal,
dlkv9al); THIOREDOXIN-LIKE (d1a8y_1, dla8y_3, d1a8y_2, dlmek, d1bjx, d1a81_1, dlhyua3, d1a8l_2, dlhyua4, d1qgva, d1g7ea, dlerv, d1fo5a, dliloa,
dlaba, d1qfna, dlkte, dlnm3al, d1h75a, d1kOma2, dl1a0fa2, d1g7oa2, d1ljra2, dl1glqa2, dleema2, dloyja2, dljlva2, dle6ba2, dlgnwa2, d1k0da2, d2gsq-2,
d2gsta2, d1k3ya2, dliyha2, dInhya2), SH3 (d1i07a, dlng2al, dlkjwal, dlpht, dlckaa, dlawj, d2hsp, dlsema, dl1fmk 1, d1glSa, d1bbza, d1pwt, dlgbra,
dlk4us, dlng2a2, dloeba, d1bb9, dlilja, dlcska, dlneb, dljqqa, dlycsb2, dlgcqce, dljo8a), CUPREDOXINS (dlkcw_2, dloela2, dlkbva2, dlhfua2,
dlaoza2, d1gw0a2, d1kv7a2, d1gska2, d1kv7a3, dlgska3, dlaoza3, dlhfua3, dlgw0a3, dlkew_5, dlkew_1, dlkew_3, d1bgk, dlaac, d1kdj, d1plc, d1bawa,
dlibya), SNAKE TOXIN-LIKE (d2ctx, d1f94a, d3ebx, d1ff4a, dljgka, dlfas, dltgxa, dles7b, dlbtea, dlm9za, dlerh), ALDOLASES (dlepxa, d1f74a,
dldhpa, d1hl2a, dleuaa, dIn7ka, dljcla, dlub3a, dlqfea, dli2o0a, d116wa, dl1dosa, d1gvfa, d116sa, d1gzga, dlohla, d1jcxa, dIn8fa, dInvma?2).

2.2. Multiple structural alignment (x;—<x;>)>, where averages <> are over the n structures.
Then, C is subjected to spectral decomposition as
The structural set corresponding to each one of the 13 C=VAV", where V is an orthogonal matrix containing the
families was subjected to multiple structural alignment set of eigenvectors and A is a diagonal matrix containing
using MAMMOTH-mult (Lupyan et al., in preparation), a the set of eigenvalues. The eigenvector matrix V is then
multiple alignment version of the structural alignment used in the comparison with NMA.
program MAMMOTH [6]. From the alignment, the evolu-
tionary core of the protein family is selected. This is defined 2.4. Vibrational modes: the Anisotropic Network Model

as the set of gapless positions for which the Ca atoms of all (ANM)
members are within 4 A from the family average. This way,

a matrix Xy, is obtained containing the Cartesian coor- For the simulation of the vibrational modes we used
dinates of the Ca core positions in the family, with n being ANM [3]. ANM is a special type of NMA method. It is a
the number of structures and p is 3 times the number of core coarse-grained model, which assumes that the protein in the
positions (each position is defined by its corresponding x,y,z folded state is equivalent to a three-dimensional elastic
Cartesian coordinates). network. The junctions of the network (the Ca atoms)
undergo Gaussian-distributed fluctuations under the poten-

2.3. Principal Components Analysis (PCA) tial of the pendant chains. The potential energy of the
protein (V) as a function of the displacement (R) from the

PCA [2] was used to extract the set of main modes of native conformation (in Cartesian coordinates) is thus
motion in the alignment that best describe the deformations V=RHR", where H is the Hessian matrix containing the
experienced by the core. Starting from X, the covariance second derivatives of the energy function, assumed to be

matrix C,y, is computed, with elements c;=<(x;—<x;>) harmonic. Diagonalization of H as H=UAU" yields 3N-6
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intrinsic normal modes (N being the number of residues),
contained in eigenvector matrix U, to be compared with the
PCA directions.

2.5. Relating both spaces: the RMSIP calculation

We compared the vibrational modes obtained by ANM
with the structural fluctuations detected by PCA. The
overlap between both spaces is calculated from the root-
mean-square inner product (RMSIP) [7] of the PCA
eigenvectors with the vibrational ones:

1/2
RMSIP = (% S>3 .vj)z> (1)

il

Here 7); and v; are, respectively, the set of eigenvectors
of the evolutionary and ANM spaces, respectively; D is
the dimensionality of the evolutionary space, whereas £k is
the dimensionality of the ANM space. The evolutionary
space is restricted to the number of components required
to explain 70% of the variance, 5 components on average
(see below). The normal mode space is restricted to its 50
lowest frequency modes. For each family, the structure
closest to the family average, as determined by MAM-
MOTH-mult, is used for the computation of the normal
modes. The statistical significance of the observed RMSIP
was tested using a randomization distribution of RMSIP
values under the null hypothesis of no relationship
between both spaces. The randomization distribution of
RMSIP values was based on the generation of ten
thousand orthogonal Q matrices following the Stewart
algorithm [8]. The empirical distribution of RMSIP under
the null hypothesis allows computing the Z-score of the
observed RMSIP, as follows:

k

1

RMSIP(obs) — <RMSIP(ran)>
o(ran)

Z — score =

(2)

3. Results and discussion

The number of proteins used in the alignments ranges
from 11 to 46. The structural core detected from the
alignments and used in the PCA studies comprises on
average 58% of the structure (Table 1). Thus both the number
of structures used and the core size detected seem to be large
enough to ensure that the deformations detected approximate
the true deformations experienced by the protein family. The
average RMSD among structures in the studied protein
families is ~2.0 A. This is substantially larger than the ~0.4 A
of improvement that in favorable cases can be expected from
current homology modeling tools. Given that this corre-
sponds to the situation most frequently found nowadays in
homology modeling, the result points to the necessity of
improving the tools to consider collective deformations.

Structural deformations span a space of low dimension-
ality; 5 components explain 70% of the variance in most
cases (Table 1). The behavior of all families in PCA is
rather similar, independently of the structural class, size, or
number of structures in the family. We used the number of
evolutionary components that explains 70% of the total
variance and compared the directions with ANM, where we
considered up to 50 modes. Results are in Fig. 1. A
significant overlap quickly accumulates within the first ~15
modes, reaching an average Z-score of ~12. Thus, it seems
that there is a statistically significant overlap between the
deformations observed in the core of homologous proteins
and the lowest frequency modes imposed by the protein
topology.

The use of PCA directions appears as a promising
technique to model structural plasticity in homology
modeling problems, due to its low dimensionality [9].
This low dimensional subspace overlaps significantly with
the subspace spanned by the low frequency modes
imposed by the topology, suggesting that a subset of
~15 low frequency modes can be used in model
refinement in those cases where the number of structures
in the family does not allow for the use of PCA. Monte
Carlo sampling along these low-frequency modes could
be used to model backbone flexibility in the core,
coupled to side chain repacking algorithms [10] on fixed
backbones to consider their side chain degrees of
freedom. On a more fundamental level, our results
suggest that the evolutionary pathways of structural
adaptation make use, to some extent, of combinations
of low-frequency modes imposed by the topology, i.e.,
the protein topology could be an important factor
determining the evolutionary history of proteins at the
structural level.

ZSCORE (RMSIP)
10

0 10 20 30 40 50
Eigenvector Index (ANM)

Fig. 1. Z-scores of the RMSIP values for the overlap between the PCA and
ANM spaces as a function of number of ANM modes employed. Up to 50
modes have been considered. The thick line indicates the average value
over the 13 families. The thin lines correspond to one standard deviation
from the mean.
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