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This work quantitatively characterizes intrinsic disorder in proteins in terms of sequence composition
and backbone conformational entropy. Analysis of the normalized relative composition of the
amino acid triads highlights a distinct boundary between globular and disordered proteins. The
conformational entropy is calculated from the dihedral angles of the middle amino acid in the amino
acid triad for the conformational ensemble of the globular, partially and completely disordered
proteins relative to the non-redundant database. Both Monte Carlo (MC) and Molecular Dynamics
(MD) simulations are used to characterize the conformational ensemble of the representative
proteins of each group. The results show that the globular proteins span approximately half of the
allowed conformational states in the Ramachandran space, while the amino acid triads in disordered
proteins sample the entire range of the allowed dihedral angle space following Flory’s isolated-
pair hypothesis. Therefore, only the sequence information in terms of the relative amino acid triad
composition may be sufficient to predict protein disorder and the backbone conformational entropy,
even in the absence of well-defined structure. The predicted entropies are found to agree with those
calculated using mutual information expansion and the histogram method.

Conformational entropy of proteins is a proxy measure of its internal dynamics, which may be character-
ized by enumerating the different microscopic structural states involved in atomic motion'~. Backbone
conformational entropy constitutes a critical component of protein stability and plays a key role in the
energetics of protein folding. Experimental measurement of conformational entropy has been difficult
even though the atomic motions in the range of ps-ns may be characterized via NMR relaxation meth-
ods*, or from experiments like AFM-unfolding® and neutron spectroscopy which demonstrates the role
of conformational entropy in thermal protein unfolding®. Theoretical studies”® to quantify changes in
conformational entropy are however computationally demanding. The first attempt, in this context’, cal-
culated the relative entropy of protein unfolding by various residues with respect to glycine. A different
approach'® correlated the backbone entropy to the distribution of main chain ¢ - ¢ dihedral angles in
the crystallographic structures by studying unfolded or flexible denatured states of proteins for a set of
61 nonhomologous proteins.

The conformational entropy of a protein may be characterized in terms of dihedral angles. Neglecting
the time-dependent correlation of the dihedral angles may often lead to an upper bound of the value
of conformational entropy'"'2. The correlation between the dihedral angles may be extracted from
molecular dynamics simulation trajectories coupled with the experimental NMR relaxation data for
proteins through generalized order parameters, S?, derived from spin relaxation'>*. This method
is not useful for the disordered proteins since they lack a well-defined structure. The computational
approaches link atomic motions with conformational entropy through the principal component analysis
of the variance-covariance matrix of protein’s internal or position co-ordinates. The eigenvalues of the
variance-covariance matrix are used to evaluate the quasi-harmonic entropy via the entropy equation of
the quantum mechanical harmonic oscillator!>'¢. This method overestimates the conformational entropy
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as the internal coordinates are assumed to be multidimensional Gaussian'’~*°, which may not be valid

for the dihedral angles of disordered proteins. This assumption is hardly true for globular proteins where
some dihedral angles follow non-Gaussian distribution. The mutual information expansion method!?
evaluates the entropy by approximating this correlation between internal co-ordinates up to a certain
order. However, this method is complicated by the sampling statistics and convergence problems at or
beyond third order correlation, even for medium sized proteins®. A recent study by Genheden, Akke and
Ryde?! infer that even long MD simulations do not completely equilibrate protein conformations, while
the configurational entropy depends on both sampling statistics and simulation time. Hence, these meth-
ods have limited scope for the intrinsically disordered proteins (IDPs), where the disordered regions/
domains are characterized by a conspicuous absence of interpretable electron density due to the fast
motions of the atoms, rendering them invisible.

Intrinsically disordered proteins may be best represented as a dynamic ensemble of rapidly intercon-
verting conformations® either at the level of secondary or tertiary structures, resembling the unfolded
protein under physiological conditions. In this context, Molecular Dynamics (MD) and Monte Carlo
(MC) simulations are important in modeling conformational ensembles of IDPs/IDPRs. Despite the
absence of a unique three-dimensional structure, disordered proteins exhibit functional diversity which
complements the functions of ordered protein regions**~**. Another important feature of the intrinsically
disordered proteins is their disorder-order transition caused by binding to specific targets which explains
the mechanism of regulating various cellular processes like transcription, translation and cell cycle con-
trol**-°. Sequence analysis reveals that disordered domains/proteins are associated with less sequence
complexity*!. The sequences of these proteins are characterized by a low content of hydrophobic residues
and a large number of charged residues which disfavor the folding process®®*? resulting in a lesser num-
ber of two-body contacts®.

This article quantifies the structural disorder of partially/completely disordered proteins in terms
of both sequence composition and backbone conformational entropy, relative to that of the globular
proteins. The non-redundant database along with the selected data sets of globular proteins, partially
and completely disordered proteins (IDPRs and IDPs) are compiled separately for sequence analysis.
MC and MD simulations characterize the conformational ensemble of the representative proteins of
each group. A sequence analysis of the normalized relative composition for each individual amino acid
reveals a considerable overlap between globular proteins and IDPs. However, the normalized relative
composition calculated using amino acid triads is higher for IDPs as compared to the globular proteins
and well demarcated from the region occupied by globular proteins. The conformational entropy of a
disordered protein sequence may be expressed as the sum of the conformational entropy of the corre-
sponding triads present in the non-redundant database obeying Flory’s isolated-pair hypothesis. Thus
protein disorder may be predicted from the relative sequence composition only, while the backbone
conformational entropy provides an appropriate measure of this structural disorder. The advantage of
this method is that it avoids the requirement of extra long simulations which is not only computationally
expensive but also time consuming.

Materials and Methods

Database Selection for Sequence Analysis. Non-redundant database. The non-redundant data-
base chosen for this study comprised of non-homologous protein chains with a sequence identity of
<25% (Feb 2010 release of PDB-select 1992-2009**). Proteins with X-ray crystallographic structures
of resolution <3A and R-factor <0.3 are selected from the Protein Data Bank (PDB)%. The compiled
non-redundant database consists of 4316 chains from 4163 proteins with chain lengths ranging from 25
to 1015 residues.

Globular Proteins. A data set of the globular proteins is compiled from the RCSB PDB with X-ray
crystallographic structures of resolution <3A. All proteins comprise of only single chains without any
missing residues (listed in REMARK 465 of PDB). A sequence similarity of <25% and length >40 resi-
dues is applied using PISCES server®. The final data set of globular proteins consists of 1917 chains with
chain lengths ranging between 40 and 1724 residues.

Group I. A data set of protein chains with intrinsically disordered protein regions (IDPRs) is selected
from the PDB. The disordered regions are characterized by missing residues in the electron density map
of the respective X-ray crystallographic structures. A non-redundant data set of 9508 protein chains is
obtained from the compiled database using PISCES server with the selection criteria of <25% and length
>40 residues. Out of these proteins, 138 chains with >50% structural disorder (percentage structural
disorder is calculated with respect to the total length of the protein chain) comprise of the Group I data
set. The chain lengths of these proteins span between 40 to 926 residues.

Group II. A set of 109 Intrinsically Disordered Proteins (IDPs) is selected from the DisProt, i.e., Database
of Protein Disorder (Release 6.02)*. These proteins are completely disordered. A cutoff sequence sim-
ilarity of <25% and length >40 residues is applied on these proteins using PISCES server. The final
data set of IDPs comprises of 91 proteins with chain lengths ranging between 40 and 1861 residues. The
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detailed method for the selection of globular, Group I and Group II proteins may be found in Ref. 38.
The protein ID’s for the selected data sets of globular, Group I and Group II proteins are provided in the
Supplementary information.

Selected Proteins for Simulation. Conformational ensembles of the representative proteins from
different groups are generated independently via Molecular Dynamics and Monte Carlo simulations. The
representative globular protein is c-lactalbumin, whose crystal structure is extracted from the PDB (ID:
1A4V). Disordered proteins are selected from two classes: (i) 1CD3, 1FOR and 1MVF, with well-defined
secondary structure coexisting with highly flexible disordered regions (ii) a-synuclein, which lacks
well-defined tertiary structures and is completely disordered. The representative proteins are selected
because of the following reasons: (i) The selected proteins collectively possess the complete set of 20
amino acids in their disordered regions, (ii) All proteins exhibit varying degree of structural disorder
with 1CD3 having the minimum percentage of disorder content and «-synuclein with maximum disor-
der content, (iii) Selected proteins have varying location of disordered regions i.e. at C-terminus of the
sequence for IMVE, N-terminus of the sequence for 1FOR, in middle regions of the sequence for 1CD3
and throughout the entire sequence for a-synuclein. The three dimensional structures of the ordered
regions of 1CD3, 1FOR and IMVF are obtained from the PDB, while missing residues in the disordered
regions are modeled with MODELLER® using inputs from the protein sequence and structure of the
ordered regions. The missing residues are incorporated by MODELLER such that the structure of the
ordered part of the protein is exactly conserved. For a-synuclein, the sequence is the only input to model
its structure. Supplementary Table S1 online summarizes the respective proteins used for MD and MC
simulations with the method of modeling their disordered regions.

Molecular Dynamics Simulation. Molecular Dynamics simulations are performed for each of the
representative proteins (1A4V, 1CD3, 1FOR, IMVF and «-synuclein) in explicit-water using AMBER
12 simulation package®’. LEAP subroutine is used to add the missing hydrogen atoms in each of the
protein structures. ff99SB force field with periodic boundary conditions for proteins and the TIP3P
model*! for water is employed in the present study. This force field presents a careful reparametrization
of the backbone torsion terms compared to ff99 and provides an improved proportion of helical ver-
sus extended structures*>**. Each protein structure is solvated in a cubic box (filled with TIP3P water)
whose edge is maintained at a distance of I0A from the protein surface with closeness parameter I A.
The charge of each protein is neutralized by adding either Na+ or Cl- depending upon the charge of
the solvated proteins. The PME algorithm* with a real space cutoff of 8.0A is used for treating the
long-range electrostatic interactions and a 8 A distance cutoff is applied for the non-bonded interactions.
The hydrogen atoms are constrained to the equilibrium bond length using the SHAKE algorithm* which
allows simulations with larger time step of 0.002ps. Constant temperature and pressure are controlled
through Berendsen’s temperature bath with coupling constant of 2ps and barostat with a coupling con-
stant of 1ps, respectively*. Solvated proteins are energy minimized twice, first by energy minimization
of the solvent, while keeping the protein constrained using conjugate gradient method followed by the
energy minimization of the solvated protein. The minimized protein is initially equilibrated at an initial
temperature of 100K in NVT ensemble followed by gradually increasing the temperature upto 300K at
constant volume. A NPT equilibration of 5ns is then performed for each solvated protein at a constant
temperature of 300K and a pressure of I bar followed by an extended NPT simulation of 100ns. The
root-mean-square deviation (RMSD) and radius of gyration (R,) are plotted as a function of the simu-
lation time for each protein in Supplementary Fig. S1 online.

Monte Carlo Simulation. Metropolis Monte Carlo simulation is also performed for 1CD3, 1FOR,
IMVF and a-synuclein to complement the results of the Molecular Dynamics simulations. The Co
backbone of the modeled conformations of each of these four proteins are considered as input struc-
tures for the Monte Car}o simulations. The Pseudo Ca(i)-Ca(i+ 1) and Ca(i)-Ca(i+ 2) bond lengths are
restricted to 3.8+ 0.15A**® and 6.0+ 1.5A* respectively. A 6-12 Lennard Jones potential accounts for
the van der Waals interactions. The hydrophobic, electrostatic and the steric interactions are also mod-
eled through coarse-grained two-body interaction potential. The energy function may be expressed as

E; mc = Einyaromc T Eietecc + Eisteriemc + Eiymc (1)

where,

Eihydropic = =20 0 0

Jk>ja; o Tk (2)

H,H,,

where, H,; and H, are the normalized hydrophobicities of residues a; and ay respectively. r;; is the dis-
tance between the sites j and k. The choice of the potential ensures that the hydrophobic-hydrophobic
interactions are preferred while polar-polar interactions are not.
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E; dec.yic = ZZZZ

j k>]a oy j,k (3)

E, qerieic = ZZ( (1 - ‘nmw( — |1 = nen (i, J)”)) (4)

where, Q,; and Q are the charges on the residues a; and a, respectively. nmw(a;) and ncn(t, 7 represents

the normahzed molecular weight of a; and the normalized coordination number of the f* j* site in the i**
conformation respectively. The steric energy function is chosen such that the residues with high molec-
ular weight is preferred at sites with low coordination number, while the residues with low molecular
weight are preferred at highly coordinated sites. For each Monte Carlo simulation, 2000 conformations
are randomly selected for each of the representative proteins. These conformations for each protein are
solvated using TIP3P water model and energy minimized using AMBER 12. Root-mean-square deviation
(RMSD) and radius of gyration (R,) for the selected MC conformations are plotted for each protein in

Supplementary Fig. S2 online.

Residuewise Conformational Entropy. Backbone conformational entropy may be evaluated from
the probability distribution of the ¢ - 1 dihedral angles of the main chain of polypeptides'®*°. This
entropy measure may be used as a criteria to distinguish the globular proteins from the disordered pro-
teins, which lack well-defined secondary or tertiary structures. In this work, conformational entropy is
calculated in terms of Shannon entropy which may be expressed as®°!,

—> P, In(P) (5)

where P is the fraction of amino acids present in the i bin for a specific range of ¢ - 1 angles of a given
peptide segment. For each amino acid, the distribution of dihedral angles is obtained from the database
of conformations. For the calculation of residuewise conformational entropy, individual amino acids
are binned across the specified range of ¢ - 1 angles®. The Ramachandran’s plot is divided into 90 x 90
equally spaced grids; the height and width of each grid is 4°. Each amino acid in the protein is classified
in a specific grid according to the values of its ¢ - ¢ angles. The corresponding P; value is calculated
from the fraction of the respective amino acid in that specific grid in the database. The conformational
entropy of a protein is calculated from its P; values as defined in eq 5.

Two-body Contacts. Average number of two-body contacts is a measure of the residue-residue inter-
actions present in any protein which discriminates the globular proteins from the disordered ones. A
pair of non-hydrogen atoms is considered to be in contact when they are separated by a distance less
than 8 A%, For any i* residue of a protein, neighbors along the sequence (i —1, i —2, i+ 1 and i+ 2)
are neglected since contacts formed between these residues are present in the denatured state also with
high probability™.

Results and Discussions
The residuewise conformational entropy is calculated using eq 5 for each amino acid in the non-redundant
database and the conformational ensembles of each of the representative proteins generated by MD
and MC simulations. Conformational entropy of IDPs and IDPRs calculated using the conformational
ensembles of proteins generated by MD simulations is compared with that in the non-redundant data-
base and globular protein (1A4V) in Supplementary Fig. S3(a) online, while the same is depicted in
Supplementary Fig. S3(b) online for the conformational ensembles generated by MC simulations.
Relative composition of the individual amino acids is calculated from the fraction of that amino acid
present in the data set of Group II proteins relative to that of the globular proteins. The relative compo-
sition of amino acid is given by

(PGraupH _ PGlobular)
j J

A. =
J
PGZobular

(6)

where j=1 to 20, P, = Z( ; ﬂ) />n;> P; denotes the fraction of j* residue in i sequence of length n;
and the summation is over all sequences in the respective data sets of proteins. The normalized relative
composition is used to differentiate between the globular and Group II proteins which may be expressed
as

r=1 (7)
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Figure 1. Normalized relative composition calculated using (a) individual amino acid, (b) triads of amino
acids, as a function of sequences in data set of globular and Group II proteins. Blue line in (b) represents the
boundary between globular and Group II proteins.

where R is the total number of residues in a sequence, A, represents the normalized relative composition
of 7' residue in a sequence in the data set X for either globular proteins or Group II proteins. D;* is
calculated for individual sequences in the data set of globular and Group II proteins and the values are
plotted in Fig. 1(a). The figure depicts a fuzzy boundary between the globular and Group II proteins,
even though Group II proteins, on an average, show a higher value of the normalized relative composi-
tion. Thus, a new method is proposed which considers the combination of three amino acids, rather than
the individual ones, to distinguish the Group II proteins from those of the globular ones. The combina-
tion of three amino acids, termed as amino acid triads (total combination = 8000) is considered, since
the conformational flexibility of a specific amino acid residue is dependent on its flanking neighbors at
the two ends. The normalized relative composition of these triads are calculated for each sequence of the
globular and Group II proteins. The calculation of the normalized relative composition of the triad is
similar to that of the individual amino acids using eqs 6 and 7. The normalized relative composition is
calculated for all possible triads (i.e. 20° =8000). For amino acid triads, P; is the fraction of the " triad
in the i" sequence and R represents the total number of such triads in the sequences of the data sets for
globular and Group II proteins. It is found that triads HHH, LEH, ALS and VLD are least preferred
(except the triads which do not exist in Group II proteins) while triads QPE PQQ, PHW and QQP are
highly preferred in Group II proteins (see Supplementary Fig. S4 online). In Supplementary Fig. $4 (a)
the relative composition of the top 50 triads, which are most preferred in Group II proteins, are plotted
with 99% confidence interval for 2000 bootstrap resampling iterations. Supplementary Fig. S4 (b) depicts
the relative composition of 50 triads which do not exhibit any clear preference; increased or decreased
frequency of these triads in any sequence occurs by chance. The relative composition of the 50 least
preferred triads are plotted in Supplementary Fig. S4 (c) online. In Fig. 1(b), D" is plotted for individual
sequence in the data set of globular and Group II proteins. This figure depicts a higher value of the
normalized relative composition for Group II proteins with a distinct boundary separating the Group II
proteins from the globular proteins. Thus, the composition of amino acid triads provides a novel method
to differentiate between the disordered and globular proteins and hence serve as an appropriate yardstick
to predict disorder. The distribution of the normalized relative composition calculated using amino acid
triads is plotted for data set of globular, Group I and Group II proteins (see Supplementary Fig. S5
online). The results show that the disordered proteins may be differentiated from well-structured globu-
lar proteins from the sequence information only.

The above results confirm that the choice of amino acid triads provides a simple and effective method
to predict disorder in proteins. This may suggest that these triads encode important information about
the stability, flexibility and conformational entropy of proteins. Thus, the conformational entropy of
these triads are calculated depending on the distribution of ¢ - 1> angles for different conformational
ensembles of the non-redundant database, globular (1A4V) protein, IDPRs (I1CD3, IMVE 1FOR), and
IDPs (a-synuclein) respectively. The conformational entropy of each conformational ensemble may be
calculated by the histogram method as

Striad/ kp = _ZP i trigd 1N (P i,m‘ad) (8)

where P;,,;,, is the fraction of triads present in the i bin for a given range of the dihedral angles, ¢
- 1p. The Ramachandran plot may be divided into 12 x 12 equally spaced grids with height and width
of 30° for each grid. A sufficiently large bin size i.e. 30° is chosen to minimize the statistical errors in
the calculated probabilities of amino acid triads. Each amino acid triad in the protein is binned in the
specified grid according to ¢ - ¥ angles of middle amino acid in triad. The value of P;,,, is calculated
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Figure 2. The probability distribution of ¢ - 1 angles in the non-redundant database for the following
triads: (a) EAL, (b) DAT, (¢) TAS, (d) VPV, (e) DPA, (f) LPE, (g) DGK, (h) LGT, (i) DDK, (j) REI, (k) RLI
and (I) RNI. The corresponding entropy values are mentioned in parentheses.

from the fraction of triads in the specific grid of the database. The probability distributions of the triads
in the non-redundant dataset are depicted in Fig. 2. In Fig 2(a—c) the probability distribution contour is
plotted for triads EAL, DAT and TAS. Despite identical middle residue in each of these triads, the resi-
due Alanine populates different regions of the dihedral angle space in the Ramachandran plot. Among
these three triads EAL has the least entropy (S=1.516) and is restricted to the «-helix region in the
Ramachandran plot, DAT (S = 2.717) populates the a-helix and PP-II helix region, while TAS (S= 2.855)
populates «-helix, PP-II helix and 3-sheet regions. This suggests that the neighboring flanking residues
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Figure 3. Conformational entropy calculated using triads relative to non-redundant database for (a)
Molecular dynamics, (b) Monte Carlo generated ensembles of conformations.

of an amino acid may have significant influence on the structural degrees of freedom of that amino
acid. Similarly, Proline, which is known to be structurally rigid, may exhibit varied structural flexibility
and conformational entropy as is evident from Fig. 2(d-f). The highly flexible Glycine may contribute
differently to the conformational entropy of a protein depending on its nearest neighbors in the triad
as depicted in Fig. 2 (g,h). Interestingly, Aspartic acid is found to have more entropy as compared to
Glycine, when it is flanked by residues D and K (Fig. 2 (i)). Figure 2 (j-1) depicts the change of the
conformational entropy of the amino acid triads with the change in the middle amino acid residue
only. Among these three triads, REI exhibits the lowest entropy (S= 1.819) while RNI exhibits highest
entropy (S=3.006). Supplementary Table S2 lists the relative entropies of amino acid triads (X,X,X3),
which show higher entropy relative to X;GXj;, with 99% confidence interval for 2000 bootstrap resa-
mpling iterations. The relative entropies of the triads that exhibit minimum entropy with respect to
X,GX; are given in Supplementary Table S3 online. Figure 2 and Supplementary Tables S2 and S3 imply
that changing the middle amino acid for the same flanking residues as well as changing the flanking
residues for the same middle amino acid may have significant impact on the conformational entropy.
Therefore, study of triads in terms of conformational entropy is important. Conformational entropy
of each amino acid triad is evaluated for globular (1A4V), IDPRs (ICD3, 1FOR and IMVF) and IDPs
(a-synuclein) using MD and MC generated conformational ensembles. The ratio of the conformational
entropy of a specific triad in a data set of proteins to the corresponding conformational entropy of the
triad in non-redundant database is calculated and the probability distribution of this ratio is plotted in
Fig. 3(a,b) for MD and MC simulations respectively. Globular proteins exhibit the least entropy value
with an average of ~0.65, which implies that a triad present in a protein with well-defined structure
actually populates approximately half of the accessible ¢ - 1 range allowed for that triad. The confor-
mational entropy of the ordered regions of IDPRs are flanked between their disordered counterparts and
the globular proteins. a-synuclein depicts the highest entropy value for both MD (with average entropy
value of ~1.0) and MC (with average entropy value of ~1.47) generated conformational ensemble. This
implies that in a completely disordered protein, an amino acid triad spans the entire range of allowed
¢ - 1 angles over a period of time, imparting high flexibility and consequently high conformational
entropy to the structural ensemble.

The ratio of the conformational entropy of any triad in the conformational ensembles of the par-
tially and completely disordered proteins to that in the non-redundant database is calculated for
conformational ensembles generated by MD simulations at 60ns, 80ns and 100ns. The probability
distribution of this ratio is plotted in Supplementary Figs S8 and S9 for partially disordered and com-
pletely disordered proteins. Despite the slight difference in the conformational entropy values for the
60ns and 100ns MD trajectory, 80ns and 100ns MD trajectories depict a similar distribution of the
conformational entropy for both partially and completely disordered proteins. The position of the
maximum is coincident for both 80ns and 100ns MD trajectories in both figures. This implies a 100 ns
MD simulation may be sufficient to sample the ¢ - ¢ range of the triads in disordered proteins. Recent
studies®*->¢ also support the fact that a 100ns long MD simulation may adequately sample the dihedral
angle space of the intrinsically disordered proteins. It is observed that dihedral angles are strongly
correlated for IDPs, a few most populated dihedral combinations may dominate a major fraction of
the entire conformational ensemble®. Therefore longer simulations may be helpful to sample more
conformations which are not frequently populated but the overall ¢ - ¢ distribution and the position
of the maximum may not alter.

The ¢ - ¥ angles of the selected triads from each ensemble of conformations of globular (1A4V),
IDPRs (1CD3, 1FOR and IMVF) and IDPs (a-synuclein) are plotted in Fig. 4 (also see Supplementary
Figs S6 and S7 online). These figures clearly demonstrate that the amino acid triads (LLK, IVE and NKL)
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Figure 4. ¢ - 1 angles of the triad IVE in globular (1A4V), AEL in IDPRs (1CD3, 1MVF and 1F0R)
and AVA in IDP (o-synuclein). The ¢ - v angles are extracted from the MD simulation generated
conformational ensemble and non-redundant database.

in globular proteins span approximately half of the ¢ - 1) region as compared to the non-redundant data
set of proteins. This may be due to the fact that triads in globular proteins exhibit a propensity for either
helices or sheet structures and hence span limited regions of the Ramachandran space. While the amino
acid triads in IDPRs (LAE, AEL and TLA) and IDPs (AAA, AVA and AEK) populate the entire range
spanned by the non-redundant database of proteins. Since, disordered proteins lack specific secondary
structures, triads in IDPRs and IDPs assume all possible ¢ - 1 angles in the allowed dihedral angle space.
The triads in IDPRs and IDPs thus obey the Flory’s isolated-pair hypothesis®, which states that the ¢ - |\
angles for a given pair of residues is independent of those of the adjoining pair of residues (except for
proline and residues preceding proline residues) in a protein. Within this approximation, we propose
that the conformational entropy of a disordered protein sequence can be expressed as the sum of the
conformational entropy of the corresponding triads present in the non-redundant database.

t
S (l) _ Zstlr\lfzs—redundant (])
=1 9)

where S(i) represents the conformational entropy of the i disordered protein, ¢ is the total number of
triads in i** protein sequence and §Non~redundant ;) denotes the entropy of j* triad in the non-redundant
database. Similarly for a sequence of a globular protein, the average conformational entropy may be

estimated as
t
S(l) — 0.65 % Zstlr\ilzs—redundunt (])
j=1 (10)

Mutual information expansion method is used to verify the validity of the results obtained from our
entropy prediction method. Systematic expansion of entropy in mutual-information terms upto second
order may be written as'?

S(2>(x1, ey Xy) = znjsl(xi) - Zn: i:lz(xiv xj)

i=1 j=it1 (11)

where
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Figure 5. Conformational entropy calculated using mutual information expansion, histogram and our
method (using eqns 9 and 10).

Iy(x;, x;) = Si(x;) + Si(x;) — Sy(x;, x;) (12)

Here, I,(x;x;), is a measure of the correlation between two degrees of freedom (dihedral angles in this
case), which denotes the mutual information of the system. S;(x;) and S,(x;) represents the uncorrelated
Shannon entropies for x; and x; dihedral angles respectively. S,(x;, x;) is the correlated entropy for the
pair of dihedrals x; and x; . For 144V, the correlation of i"" dihedral with i+ 1, i+ 2 and i+ 3 is found to
be 0.07, 0.016 and 0.012 per dihedral pairs, respectively, for grids with height and width of 30°. The cor-
relation between two dihedrals is found to decrease with an increase in the distance between dihedrals
along the sequence. Thus, the correlation of each dihedral angle is calculated upto the nearest neighbor
(ie. for i* dihedral, correlation is considered upto the (i+ 1)" dihedral). The conformational entropy
predicted using our method (using eqns 9 and 10) is compared (see Fig. 5) with those calculated from
the mutual information expansion method and simple histogram method that utilizes the MD generated
conformational ensemble of each protein. Conformational entropy is calculated for 1A4V; a-synuclein
and disordered regions of 1FOR, 1CD3 and IMVF. Figure 5 depicts the match in the entropy value cal-
culated using our method with those calculated using mutual information expansion (a maximum 5.7%
difference) and histogram binning method (a maximum 3.3% difference). Hence, our sequence-based
method provides fairly accurate estimation of the conformational entropy using the sequence informa-
tion only, with the nearest neighbor pair correlation.

MC generated conformations for IDPRs and IDPs depict a wider range of ¢ - ¢ angles compared
to that of the non-redundant database. This is due to the choice of the coarse-grained potential for MC
simulations with less restrictions imposed in the accessible conformations. Thus this study proposes a
method to predict the disorder in proteins from the relative composition of the amino acid triads includ-
ing a measure of an average conformational entropy for that sequence, since it may not be feasible to
determine the conformational entropy of a large number protein sequences, especially for the completely
disordered proteins, by simulations.

The lower conformational entropy for globular proteins may be attributed to the highest number of
favorable two-body contacts which are the primary stabilizing factor for well-defined structures. The
two-body contacts are calculated using non-redundant database and conformational ensembles gener-
ated from MD and MC simulations respectively (1A4V, 1CD3, 1FOR, IMVF and a-synuclein) with a
distance cutoff of 8 A. The distribution of two-body contacts for all data sets of proteins is plotted in
Supplementary Fig. S10 online. The non-redundant database, comprising of well-structured globular
proteins shows the highest number of contacts in their native state. Both IDPRs and IDPs depict less
number of average two-body contacts in the conformational ensemble generated by MD simulation. For
the MC generated conformational ensemble of ICD3, 1FOR, IMVF and a-synuclein, the two-body con-
tacts depict a broad distribution, with the peaks matching with respective ensembles of MD simulation.
The broad distribution of MC simulation generated ensemble is due to use of the coarse-grained model
with less restrictions.

Conclusions

This work quantitatively characterizes the structural order/disorder in proteins in terms of the back-
bone conformational entropy, number of two-body contacts and the relative composition of amino acids
compared to those of the globular proteins. Three groups, comprising of globular, Group I and Group
IT proteins, are compiled from the PDB and DisProt database for sequence analysis. MD and MC sim-
ulations are used to characterize the conformational ensemble of the representative proteins of each
group. Sequence analysis of these groups of proteins reveal substantial overlap between the globular and

SCIENTIFIC REPORTS | 5:12740 | DOI: 10.1038/srep11740 9



www.nature.com/scientificreports/

completely disordered proteins from the normalized relative composition of individual amino acids.
However, the normalized relative composition calculated using amino acid triads depicts a distinct
boundary separating globular and disordered proteins. Thus the structural order/disorder in a protein
may be accurately predicted from the sequence information only. The analysis of the conformational
entropy of the triads is important. It is observed that a change in the middle amino acid of a triad or
change in the neighboring flanking residues of a specific amino acid affects the conformational stability
and flexibility of triads, which in turn may affect the conformational entropy of the protein. The con-
formational entropy evaluated from the heterogeneous conformational ensemble of the representative
proteins from each group reveal that in globular proteins the amino acid triads samples about half of all
possible conformational states while those in a disordered protein follow the Flory’s isolated-pair hypoth-
esis and sample the entire range of allowed ¢ - 1 angles. Thus, conformational entropy of a disordered
protein sequence may be expressed as the sum of the conformational entropy of the corresponding
triads present in the non-redundant database. The conformational sampling and convergence of MD
simulations for IDPs/IDPRs is inconclusive. Even microsecond long MD simulations sometimes do not
exhibit complete convergence®®. However, it is observed a 100ns long MD simulation may capture the
¢ - 1 distribution effectively®**. The predicted values of the conformational entropy for globular and
disordered proteins agree well with those calculated using mutual information expansion and histogram
method. Thus, our sequence-based method may estimate the conformational entropy of proteins upto
nearest neighbor pair correlation without the need of computationally expensive and time consuming
simulations. Higher conformational entropy of the intrinsically disordered proteins is also reflected in
the less number of two-body contacts, which is the primary stabilizing factor for well-structured glob-
ular proteins. Thus protein disorder may be predicted from the relative sequence composition of amino
acid triads only, while the backbone conformational entropy provides an appropriate measure of this
structural disorder.

References
1. Frederick, K. K., Marlow, M. S., Valentine, K. G. & Wand, A. J. Conformational entropy in molecular recognition by proteins.
Nature 448, 325-329 (2007).
2. Marlow, M. S., Dogan, J., Frederick, K. K., Valentine, K. G. & Wand, A. J. The role of conformational entropy in molecular
recognition by calmodulin. Nat. Chem. Biol. 6, 352-358 (2010).
3. Karplus, M., Ichiye, T. & Pettitt, B. M. Configurational entropy of native proteins. Biophys. J. 52, 1083-1085 (1987).
4. Sapienza, P. J. & Lee, A. L. Using NMR to study fast dynamics in proteins: methods and applications. Curr. Opin. Pharmacol. 10,
723-730 (2010).
5. Thompson, J. B., Hansma, H. G., Hansma, P. K. & Plaxco, K. W. The backbone conformational entropy of protein folding:
experimental measures from atomic force microscopy. J. Mol. Biol. 322, 645-652 (2002).
6. Fitter, J. A measure of conformational entropy change during thermal protein unfolding using neutron spectroscopy. Biophys. J.
84, 3924-3930 (2003).
7. Meirovitch, H., Cheluvaraja, S. & White, R. P. Methods for calculating the entropy and free energy and their application to
problems involving protein flexibility and ligand binding. Curr. Protein Pept. Sci. 10, 229 (2009).
8. Bhattacharjee, N. & Biswas, P. Are ambivalent a-helices entropically driven? Protein Eng. Des. Sel. 25, 73-79 (2012).
9. Némethy, G., Leach, S. & Scheraga, H. A. The influence of amino acid side chains on the free energy of helix-coil transitions.
J. Phys. Chem. 70, 998-1004 (1966).
10. Stites, W. E. & Pranata, J. Empirical evaluation of the influence of side chains on the conformational entropy of the polypeptide
backbone. Proteins: Struct. Funct. Bioinf. 22, 132-140 (1995).
11. Schlitter, J. Estimation of absolute and relative entropies of macromolecules using the covariance matrix. Chem. Phys. Lett. 215,
617-621 (1993).
12. Killian, B. J., Kravitz, J. Y. & Gilson, M. K. Extraction of configurational entropy from molecular simulations via an expansion
approximation. J. Chem. Phys. 127, 024107 (2007).
13. Akke, M., Briischweiler, R. & Palmer III, A. G. NMR order parameters and free energy: an analytical approach and its application
to cooperative calcium (2+) binding by calbindin d9k. . Am. Chem. Soc. 115, 9832-9833 (1993).
14. Homans, S. W. Probing the binding entropy of ligand-protein interactions by NMR. ChemBioChem 6, 1585-1591 (2005).
15. Karplus, M. & Kushick, J. N. Method for estimating the configurational entropy of macromolecules. Macromolecules 14, 325-332
(1981).
16. Li, D. -W., Showalter, S. A. & Briischweiler, R. Entropy localization in proteins. J. Phys. Chem. B 114, 16036-16044 (2010).
17. Wang, J. & Briischweiler, R. 2d entropy of discrete molecular ensembles. J. Chem. Theory Comput. 2, 18-24 (2006).
18. Chang, C. -E., Chen, W. & Gilson, M. K. Evaluating the accuracy of the quasiharmonic approximation. J. Chem. Theory Comput.
1, 1017-1028 (2005).
19. Baron, R, Hiinenberger, P. H. & McCammon, J. A. Absolute single-molecule entropies from quasi-harmonic analysis of
microsecond molecular dynamics: correction terms and convergence properties. J. Chem. Theory Comput. 5, 3150-3160 (2009).
20. Hnizdo, V., Tan, ], Killian, B. ]. & Gilson, M. K. Efficient calculation of configurational entropy from molecular simulations by
combining the mutual-information expansion and nearest-neighbor methods. . Comput. Chem. 29, 1605-1614 (2008).
21. Genheden, S., Akke, M. & Ryde, U. Conformational entropies and order parameters: convergence, reproducibility, and
transferability. J. Chem. Theory Comput. 10, 432-438 (2014).
22. Tompa, P. Intrinsically unstructured proteins. Trends Biochem. Sci. 27, 527-533 (2002).
23. Uversky, V. N. & Dunker, A. K. Understanding protein non-folding. BBA-Proteins Proteom. 1804, 1231-1264 (2010.).
24. Xie, H. et al. Functional anthology of intrinsic disorder. 3. ligands, post-translational modifications, and diseases associated with
intrinsically disordered proteins. J. Proteome. Res. 6, 1917-1932 (2007).
25. Breydo, L. & Uversky, V. N. Role of metal ions in aggregation of intrinsically disordered proteins in neurodegenerative diseases.
Metallomics 3, 1163-1180 (2011).
26. Uversky, V. N., Gillespie, J. R. & Fink, A. L. Why are “natively unfolded” proteins unstructured under physiologic conditions?
Proteins: Struct. Funct. Bioinf. 41, 415-427 (2000).
27. Uversky, V. N. Intrinsically disordered proteins from A to Z. Int. J. Biochem. Cell. B 43, 1090-1103 (2011).

SCIENTIFIC REPORTS | 5:12740 | DOI: 10.1038/srep11740 10



www.nature.com/scientificreports/

28. Dogan, J., Gianni, S. & Jemth, P. The binding mechanisms of intrinsically disordered proteins. Phys. Chem. Chem. Phys. 16,
6323-6331 (2014).

29. Vuzman, D. & Levy, Y. Intrinsically disordered regions as affinity tuners in protein-DNA interactions. Mol. Biosyst. 8, 47-57
(2012).

30. Espinoza-Fonseca, L. M., Ilizaliturri-Flores, I. & Correa-Basurto, J. Backbone conformational preferences of an intrinsically
disordered protein in solution. Mol. Biosyst. 8, 1798-1805 (2012).

31. Romero, P. et al. Sequence complexity of disordered protein. Proteins: Struct. Funct. Bioinf. 42, 38-48 (2001).

32. Mao, A. H,, Crick, S. L., Vitalis, A., Chicoine, C. L. & Pappu, R. V. Net charge per residue modulates conformational ensembles
of intrinsically disordered proteins. Proc. Natl. Acad. Sci. 107, 8183-8188 (2010).

33. Schlessinger, A., Punta, M. & Rost, B. Natively unstructured regions in proteins identified from contact predictions. Bioinformatics
23, 2376-2384 (2007).

34. Griep, S. & Hobohm, U. Pdbselect 1992-2009 and pdbfilter-select. Nucleic Acids Res. 38, D318-D319 (2010).

35. Berman, H. M. et al. The Protein Data Bank. Nucleic Acids Res. 28, 235-242 (2000).

36. Wang, G. & Dunbrack, R. L. PISCES: a protein sequence culling server. Bioinformatics, 19, 1589-1591 (2003).

37. Sickmeier, M. et al. DisProt: the database of disordered proteins. Nucleic Acids Res. 35, D786-D793 (2007).

38. Rani, P, Baruah, A. & Biswas, P. Does lack of secondary structure imply intrinsic disorder in proteins? A sequence analysis.
BBA-Proteins Proteom. 1844, 1827-1834 (2014).

39. Sali, A. & Blundell, T. L. Comparative protein modelling by satisfaction of spatial restraints. . Mol. Biol. 234, 779-815 (1993).

40. Case, D. A. et al. Amber 12. University of California, San Francisco 1, 3 (2012).

41. Jorgensen, W. L., Chandrasekhar, J., Madura, J. D., Impey, R. W. & Klein, M. L. Comparison of simple potential functions for
simulating liquid water. J. Chem. Phys. 79, 926-935 (1983).

42. Hornak, V. et al. Comparison of multiple amber force fields and development of improved protein backbone parameters. Proteins:
Struct. Funct. Bioinf. 65, 712-725 (2006).

43. Showalter, S. A. & Briischweiler, R. Validation of molecular dynamics simulations of biomolecules using nmr spin relaxation as
benchmarks: application to the AMBER99SB force field. J. Chem. Theory Comput. 3, 961-975 (2007).

44. Darden, T., York, D. & Pedersen, L. Particle mesh Ewald: An nlog(n) method for Ewald sums in large systems. J. Chem. Phys.
98, 10089-10092 (1993).

45. Ryckaert, . -P, Ciccotti, G. & Berendsen, H. ]. Numerical integration of the Cartesian equations of motion of a system with
constraints: molecular dynamics of n-alkanes. J. Comput. Phys. 23, 327-341 (1977).

46. Berendsen, H. J. C., Postma, J. P. M., van Gunsteren, W. E, DiNola, A. & Haak, J. R. Molecular dynamics with coupling to an
external bath. J. Chem. Phys. 81, 3684-3690 (1984).

47. Baruah, A., Bhattacherjee, A. & Biswas, P. Role of conformational heterogeneity on protein misfolding. Soft Matter 8, 4432-4440
(2012).

48. Liwo, A., Wawak, R. ], Scheraga, H. A,, Pincus, M. R. & Rackovsky, S. Calculation of protein backbone geometry from a-carbon
coordinates based on peptide-group dipole alignment. Protein Sci. 2, 1697-1714 (1993).

49. Fogolari, E, Esposito, G., Viglino, P. & Cattarinussi, S. Modeling of polypeptide chains as C, chains, C,, chains with Cg, and C,
chains with ellipsoidal lateral chains. Biophys. J. 70, 1183-1197 (1996).

50. Brady, G. P. & Sharp, K. A. Entropy in protein folding and in protein-protein interactions. Curr. Opin. Struct. Biol. 7, 215-221
(1997).

51. Yang, A. -S. & Honig, B. Free energy determinants of secondary structure formation: I. a-helices. J. Mol. Biol. 252, 351-365
(1995).

52. Galzitskaya, O. V. & Garbuzynskiy, S. O. Entropy capacity determines protein folding. Proteins: Struct. Funct. Bioinf. 63, 144-154
(2006).

53. Muiioz, V. & Eaton, W. A. A simple model for calculating the kinetics of protein folding from three-dimensional structures. Proc.
Natl. Acad. Sci. 96, 11311-11316 (1999).

54. Wang, W, Ye, W,, Jiang, C., Luo, R. & Chen, H-E. New force field on modeling intrinsically disordered proteins. Chem. Biol. Drug
Des. 84, 253-269 (2014).

55. Cukier, R. I. Dihedral angle entropy measures for intrinsically disordered proteins. J. Phys. Chem. B 119, 3621-3634 (2015).

56. Nicolau-Junior, N. & Giuliatti, S. Modeling and molecular dynamics of the intrinsically disordered e7 proteins from high- and
low-risk types of human papillomavirus. J. Mol. Model. 19, 4025-4037 (2013).

57. Flory, P. J. & Volkenstein, M. Statistical mechanics of chain molecules (Wiley Online Library, 1969).

58. Lindorff-Larsen, K., Trbovic, N., Maragakis, P.,, Piana, S. & Shaw, D. E. Structure and dynamics of an unfolded protein examined
by molecular dynamics simulation. J. Am. Chem. Soc. 134, 3787 (2012).

Acknowledgements

The authors gratefully acknowledge the University of Delhi (Research and Development Grant) and DST,
India (Project No. SB/S1/PC-023/2013) for financial support. A. Baruah acknowledges DST India for
providing SRF (Project No. SB/S1/PC-023/2013). P. Rani acknowledges University Grant Commission,
India for providing financial support in form of Senior Research Fellowship. The authors also gratefully
acknowledge Bioinformatics Resources and Applications Facility (BRAF) of the Center for Development
of Advanced Computing (CDAC), India for providing adequate computational facility in the Biogene
cluster.

Author Contributions

PB. conceived and designed the research. A.B. and PR. performed the computational calculations. P.B.,
A.B. and PR. analyzed the data and prepared the manuscript. All authors have checked and approved
the manuscript.

Additional Information
Supplementary information accompanies this paper at http://www.nature.com/srep

Competing financial interests: The authors declare no competing financial interests.

How to cite this article: Baruah, A. et al. Conformational Entropy of Intrinsically Disordered Proteins
from Amino Acid Triads. Sci. Rep. 5, 11740; doi: 10.1038/srep11740 (2015).

SCIENTIFIC REPORTS | 5:12740 | DOI: 10.1038/srep11740 11


http://www.nature.com/srep

www.nature.com/scientificreports/

This work is licensed under a Creative Commons Attribution 4.0 International License. The

M images or other third party material in this article are included in the article’s Creative Com-
mons license, unless indicated otherwise in the credit line; if the material is not included under the
Creative Commons license, users will need to obtain permission from the license holder to reproduce
the material. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/

SCIENTIFIC REPORTS | 5:12740 | DOI: 10.1038/srep11740 12


http://creativecommons.org/licenses/by/4.0/

	Conformational Entropy of Intrinsically Disordered Proteins from Amino Acid Triads

	Materials and Methods

	Database Selection for Sequence Analysis. 
	Non-redundant database. 
	Globular Proteins. 
	Group I. 
	Group II. 

	Selected Proteins for Simulation. 
	Molecular Dynamics Simulation. 
	Monte Carlo Simulation. 
	Residuewise Conformational Entropy. 
	Two-body Contacts. 

	Results and Discussions

	Conclusions

	Acknowledgements

	Author Contributions
	﻿Figure 1﻿﻿.﻿﻿ ﻿ Normalized relative composition calculated using (a) individual amino acid, (b) triads of amino acids, as a function of sequences in data set of globular and Group II proteins.
	﻿Figure 2﻿﻿.﻿﻿ ﻿ The probability distribution of φ - ψ angles in the non-redundant database for the following triads: (a) EAL, (b) DAT, (c) TAS, (d) VPV, (e) DPA, (f) LPF, (g) DGK, (h) LGT, (i) DDK, (j) REI, (k) RLI and (l) RNI.
	﻿Figure 3﻿﻿.﻿﻿ ﻿ Conformational entropy calculated using triads relative to non-redundant database for (a) Molecular dynamics, (b) Monte Carlo generated ensembles of conformations.
	﻿Figure 4﻿﻿.﻿﻿ ﻿ φ - ψ angles of the triad IVE in globular (1A4V), AEL in IDPRs (1CD3, 1MVF and 1F0R) and AVA in IDP (α-synuclein).
	﻿Figure 5﻿﻿.﻿﻿ ﻿ Conformational entropy calculated using mutual information expansion, histogram and our method (using eqns 9 and 10).



 
    
       
          application/pdf
          
             
                Conformational Entropy of Intrinsically Disordered Proteins from Amino Acid Triads
            
         
          
             
                srep ,  (2015). doi:10.1038/srep11740
            
         
          
             
                Anupaul Baruah
                Pooja Rani
                Parbati Biswas
            
         
          doi:10.1038/srep11740
          
             
                Nature Publishing Group
            
         
          
             
                © 2015 Nature Publishing Group
            
         
      
       
          
      
       
          © 2015 Macmillan Publishers Limited
          10.1038/srep11740
          2045-2322
          
          Nature Publishing Group
          
             
                permissions@nature.com
            
         
          
             
                http://dx.doi.org/10.1038/srep11740
            
         
      
       
          
          
          
             
                doi:10.1038/srep11740
            
         
          
             
                srep ,  (2015). doi:10.1038/srep11740
            
         
          
          
      
       
       
          True
      
   




