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Abstract. Understanding the features of the protein conformational space represents a key component
to characterize protein structural evolution at the molecular level. This problem is approached in a twofold manner; simple lattice models are used to represent protein structures with the ability of a protein
sequence to fold into the lowest energy native conformation, quantified as the foldability, which measures the fitness of the sequence. Alternatively, a self-consistent mean-field based theory is developed to
evaluate the protein neutrality through random single-point and multiple-point mutations by calculating
the pair-wise probability profile of the amino acid residues in a library of sequences, consistent with a
particular foldability criterion. The theory predicts the change in sequence plasticity with the foldability
criterion and also correlates the effect of hydrophobic residues on the variation of the free energy surface
of the protein as a function of the number of cumulative mutations. The results obtained from the theory
are compared with the exact enumeration results of 3 × 3 × 3 lattice protein and also with some small real
proteins chosen from the protein databank. An excellent match of the results obtained from theory and
exact enumeration with those of real proteins validates the range of applicability of the theory. The
theory may provide a new perspective in de novo protein design, in-vivo/in-vitro protein evolution and
site-directed mutagenesis experiments.
Keywords. Neutral evolution; protein design; mutations; foldability criteria.

1.

Introduction

Understanding the relationship between protein
sequences and structures can be partially achieved
by predicting the folded structure from the amino
acid sequence, and by predicting the compatible sequences of a known structure from physical principles. Since proteins are the building blocks of life
and a direct by-product of evolution, it is important
to comprehend how evolution shapes the global relationship between protein sequences and structures
by directly simulating the process of evolution. Molecular evolution can be studied not only in the context of population genetics but also by considering
the thermodynamic and kinetic stability of biomolecules involved in evolution.1 This structural
approach of molecular evolution has been applied to
study neutral networks2–5 of RNA,6 to probe the
sequence-secondary structure relationship.7,8
Motivated by various theories of polymer physics
simple tractable models, such as lattice9,10 and spin†
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glass11 models, combined with simulation of evolution are often used to investigate the protein sequencestructure relationship. Computational studies can
also guide experiments on in vitro evolution.12 For
a broader perspective, of molecular evolution, an
analysis of the vast evolutionary landscape is required which represents the fitness of a protein as a
function of the protein sequence parameters such as
structural integrity or characteristics of the folding
process. Evidences show that most accepted mutations have little effect on the fitness of the organism.13–17 This constitutes the basis of the neutral
theory of evolution18,19 which proposes that many
mutations are neutral, conserving the native fold and
the biochemical function of the protein. This random
mutation imparts extra thermodynamic stability20 to
the protein’s native conformation and makes it more
robust by increasing the fraction of mutants which
possesses the minimal stability required to fold.
This also implies some tolerance in the sequence
optimization of proteins in keeping with Go’s principle of minimal frustration21 while allowing for sufficient native state stability and efficient folding
dynamics.
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Constructing models of appropriate fitness of proteins are complicated by the number of parameters
involving stability, function and its survivability in
different physiological conditions. Minimalist protein models with reduced amino acid alphabets are
extremely handy in this regard and they are frequently used for studying various aspects of protein
evolution folding and design. Foldability is one of
the factors which determines the fitness function and
plays a significant role in the selection process.
Understanding the evolution of proteins is based on
some optimized foldability criteria and adjusting this
parameter we can unravel how the evolutionary
process is influenced by the selective pressure. A
quantitative measure of foldability characterizes all
intra-molecular interactions in the protein which
may not be individually optimal.
In an alternative approach, several studies in protein folding and evolution assume biological proteins to exist in three-dimensional lattices with a
pre-determined energy function.22,23 Encoding evolutionary selection in the input energy function it is
possible to model the folding behaviour of these
optimized proteins. Confining the proteins to a lattice makes their conformational space amenable to
exact enumeration and motivates various theoretical
models to calculate simple measures of foldability
and how foldability affects the course of evolution.
However, the choice of energy function is crucial in
the sense that it should be realistic but sufficiently
coarse-grained to capture the essential qualitative
features.
In this work, we have used a simple threedimensional lattice model of proteins9,24–29 with
binary patterning of amino acid residues to investigate the detailed effects of mutation on the evolution
of protein stability and neutrality. The properties of
these proteins are optimized for maximum fitness
where the fitness represents the foldability of the
protein. The model computes the probability Pf (m)
with which a protein retains its native fold after m
substitutions as a function of the free energy change
caused by each substitution. A tacit assumption
which is in-built in the model is the concept that the
free energy change due to the respective amino acid
substitutions are independent of each other and does
not influence the correct folding pattern of the protein as long as its free energy of folding remains below some critical threshold value. It also depicts the
variation in the free energy surface with the number
of mutations and the role of hydrophobicity in the

mutation process. Moreover, the theory depicts the
neutral–network pattern and points out the effect of
cumulative mutations on protein sequences. The
results obtained from this theory are compared with
those of exact enumeration and also to a set of seven
small real proteins, each of 27 residues, chosen from
the PDB database. The predicted results of the selfconsistent theory and exact enumeration show excellent agreement between each other and with that of
the real proteins of widely different functional classes.
2.

Theory

We present here a second-order mean field based
formalism30,31 to evaluate the pair-wise sequence
probability profile for a given foldability criterion.
A foldability criterion provides a suitable measure
for the sequence–structure compatibility in form of a
pre-determined energy function. This is the main input for the theory along with a given set of constraints on the sequences which can be modulated to
specify local/global features of the protein structure.
Choice of optimized energy functions requires accurate quantification of the various interactions stabilizing the native state. Statistical pair potentials
prove to be a useful option in this regard as they
measure both the inter-residue contact propensities32–34 and excluded volume interactions. The
energy of a sequence in a particular target state conformation Ef may be expressed as a function of pairwise probabilities of the amino acid residues at each
pair of sequence positions. Assuming small fluctuations in Ef about its mean value due to the variation
of sequences, the target state energy can be
expressed as
N −1

Ef ≈ Ef = ∑

N

m

m

∑ ∑ ∑ σ ij(2)γ ij(2) wij (α i ,α j ),

(1)

i =1 j = i +1 α i =1 α j =1

where the two-body interaction parameter γ ij(2) (α i ,α j )
is a measure of the inter-residue contact propensity
when the monomer types at sites i and j are αi and
αj respectively. The structural information is contained in the parameter σ ij(2) which is given by
⎧1 if site i and j interact with one another,
σ ij(2) = ⎨
⎩0 if they do not interact with one another
(2)

and wij (α i ,α j ) is the monomer pair probability that
the monomer type αi occurs at position i and the
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monomer type αj occurs at position j in a particular
sequence.
The sequence averaged energy of the unfolded
ensemble of conformations can be written similarly
as
N −1 N

〈 Eu 〉 = ∑

m

(3)

i =1 j = i +1 α i =1 α j =1

The stability gap Δ is a measure of the energy difference between the target structure and the ensemble-averaged energy of the unfolded conformations
and is therefore expressed as
Δ ≡ E f − 〈 Eu 〉 ≈ E f − 〈 Eu 〉
N −1 N

=∑

m

∑∑

m

∑ (σ ij − 〈σ ij 〉)γ ij (α i ,α j )wij (α i ,α j ).

i =1 j = i +1 α i =1 α j =1

(4)
Although Δ is a potential foldability criterion35
which explicitly includes information about the
unfolded ensemble of states, it does not take into
account the low-energy unfolded structures which
may compete with the target structure. It ignores the
fluctuations in the energy of the unfolded ensemble
of states. Therefore it would be rather accurate to
include more information about the distribution of
unfolded state energies for each sequence. Γ2 is the
simplest quantitative measure of the width of distribution of the energy of the unfolded states which
emerges naturally as a second order term from the
truncated cumulant expansion.36 The variance of the
unfolded state ensemble provides the correlation between the amino acid residues occupying different
sites of the lattice protein and can be written as
Γ2 ≈ Γ2 =

A generalized foldability criterion for measuring the
sequence-structure compatibility can thus be obtained
by a linear combination31 of Δ and Γ2,
φ = βΔ +

m

∑ ∑ ∑ 〈σ ij(2) 〉γ ij(2) wij (α i ,α j ).

∑ ∑

i , j , k , l α i ,α j ,α k ,α l

γ ij (α i ,α j )γ kl (α k ,α l )

(〈σ ijσ kl 〉 − 〈σ ij 〉〈σ kl 〉 )
wijkl (α i ,α j ,α k ,α l )

(5)

A commonly used approximation to simplify
the four-body probability wijkl (α i ,α j ,α k ,α l ) in
terms of the respective two-body probabilities is
given by
wijkl (α i ,α j ,α k ,α l ) = wij (α i ,α j ) wkl (α k ,α l ).

(6)
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1 2 2
β Γ ,
2

(7)

where φ is a dimensionless quantity and each of Δ
and Γ2 are also dimensionless, scaled by appropriate
units of thermal energy β.
The pair wise monomer probabilities wij (α i ,α j )
are directly solved by maximizing the sequence
entropy S subject to appropriate constraints on
sequence identity and energies. The entropy of a set
of sequences Ωs is defined as

S = k B ln Ω s

(8)

where kB is the Boltzmann constant.
The Cluster Variation Method 37 (CVM) is used to
derive the sequence entropy when higher order correlations among residue sites are considered.
S (n ) (i1 ,...., in ) = −

∑

α i1 ,....,α in

wi(1n,...) in (α i1 ,..,α in )

ln wi(1n,...) in (α i1 ,..,α in ).

(9)

For a set of sequences satisfying a predetermined set
of constraints the Bethe approximation38 is used to
estimate the probability WN (α1 ,..., α N ) of obtaining
a particular sequence (α1 ,...., α N ) as a product of all
pair wise monomer probabilities scaled appropriately so as to avoid double counting.
WN (α1 ,....,α N ) = ∏
ij

wij (α i ,α j )
,
wi (α i ) w j (α j )

(10)

Constraints on the structure and sequences couples
the pair probabilities wij (α i ,α j ) . Within this approximation, considering only pair correlations among
the residue sites the total sequence entropy S can be
recast into

S ≈ ∑ S (1) (i) + 2∑ ( S (2) (i, j ) − S (1) (i) − S (1) ( j )).
i

i< j

(11)
The pair-wise monomer probabilities are equilibrated in the ensemble by maximizing a variational
functional of the set of probabilities wi (α i ) and
wij (α i ,α j ) subject to the following constraints,
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∑ wij (α i ,α j ) = 1 ∀ i, j > i,

(12)

wi (α i ) = ∑ wij (α i ,α j )

∀ i, j ≠ i,

(13)

w j (α j ) = ∑ wij (α i ,α j )

∀ j, j ≠ i,

3.

Model of neutral mutations

i< j

3.1 Lattice protein simulation

αj

(14)

αi

and (4) and (5).
Solving the simultaneous equations that define the
maximum of the variational functional and the constraint equations a set of coupled transcendental
equations are obtained.
wij (α i ,α j ) = exp( βij (α i ) + μij (α j )
− βφφij (α i ,α j ) − 1)
⎡exp( βφφi (α i ) + ∑ ξij βij (α i ) ⎤
⎥
j
1⎢
wi (α i ) = ⎢
⎥
1
qi + ∑ ξ ji μij (α j ))
⎢
⎥
( N − 2)
⎣⎢ j
⎦⎥

wi (α i ) = ∑ wij (α i ,α j )

γ (2) ( H , H ) = −3ε , γ (2) ( H , P) = γ (2) ( P , H ) = −ε

∀ i, j ≠ i

and γ (2) ( P , P ) = 0.

αj

w j (α j ) = ∑ wij (α i ,α j ) ∀ j , j ≠ i
αi

1
φ = Δ + Γ2 ,
2

(15)

where the monomer partition function qi is given by,
⎡exp( βφφi (α i ) + ∑ ξ ij βij (α i ) ⎤
⎢
⎥
j
qi = ∑ ⎢
⎥
1
α i ⎢ + ∑ ξ ji μ ij (α j ))
⎥
N −2
⎣⎢ j
⎦⎥

Also,
φi =

The protein is modelled as a cubic lattice polymer
consisting of 27 residues on a maximally compact
three-dimensional lattice. Protein conformations are
represented by self-avoiding walks that occupy all
lattice vertices, and a total of 103346 compact conformations are possible39 which are not related by
symmetry. The non-compact states will have less
relevance on the qualitative nature of the foldability
landscape. These models crudely represent larger
proteins where each lattice point corresponds to the
position of a structural unit stabilized by local cooperative interaction.27 Lattice protein models have
been proved to be extremely useful40,41 in the context of protein folding and evolution. With a binary
patterning of monomers, the number of possible sequences for a 27-mer is large, 227 = 134217728, but
computationally enumerable. Pair-wise contact energy function is used here to characterize sequencestructure compatibility42

∂φ
∂φ
and φij =
.
∂wi (α i )
∂wij (α i ,α j )

These set of equations are then solved numerically
(http://www.netlib.org) to yield the probabilities
wi (α i ) , wij (α i ,α j ) and the respective Lagrange
multipliers for a given value of φ.

(16)

The choice of the energy function also ensures that
the target structure is the most designable structure
and represents the lowest energy conformation for
the largest number (3794) of sequences.22
All possible sequences are enumerated exhaustively and are classified according to the different φ
values which lie within a small interval ∂φ∂φ centered about a definite value of φ. The site-specific
monomer probabilities and the pair-wise monomer
probabilities are calculated43 from the corresponding
frequencies of occurrence of the polar and hydrophobic residues for a specific value of φ. Random
single-point mutations are performed sequentially at
different sites till all the sites of the lattice protein
are mutated once. In each generation, the parent
sequence differs from the mutated sequence by a
single residue. The mutation in one generation is not
retained in the successive generations.
Mutations in all possible sites of the protein result
in a set of 27 singly mutated sequences. The theory
yields different sequences for different values of φ,
differing in terms of the site specific monomer probability and pair-wise monomer probability. Three
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distinct sequences for three different φ values (–8⋅5,
6⋅5, 7⋅5) are chosen for performing the site-specific
mutations by the method described above. These
sequences are unique and closely resemble some of
the natural protein sequences.
3.2

changed and sufficiently stable, which implies that
the free energy of folding ΔGfolding should be less
than some fixed parameterΔGcrit. The robustness of
these sequences is monitored by measuring the
change in free energy ΔΔGstability as a function of the
stability of the protein prior to mutation.

Real proteins

wild-type
mut
ΔΔGstability = ΔGfolding
− ΔGfolding
.

Seven small real proteins, (1SMZ, 1TTL, 2CCO,
2HFR, 2HGO, 2HTG and 1AV3), each consisting of
27 residues, are selected from the protein databank
(PDB) (http://www.rcsb.org). Six of these proteins
(1TTL, 2CCO, 2HFR, 2HGO, 2HTG and 1AV3) are
from the conotoxin family and 1SMZ belongs to the
family of peptide hormone. The energies of these
proteins are calculated from their sequence composition without knowing its native conformation. The
energy per amino acid is calculated by,44
Efold 20
= ∑ ni Pij n j ,
L
ij

(17)

where L is the length of the protein sequence and Pij
is the energy predictor matrix,44 which contains information about how the energy of ith amino acid
depends on the jth element of the amino acid composition vector.
The amino acid sequences of the real proteins are
converted into the binary code hydrophobic (H) and
polar (P) based on their respective physico-chemical
properties. The hydrophobic amino acids are {V, L,
I, F, W, M, Y, C, P} and the polar ones are {A, R,
N, D, Q, E, G, H, K, S, T}.45–47 This classification of
the amino acid residues is also experimentally confirmed by Fauchere and Pliska.48 All real proteins
are randomly mutated at single points according to
the above mentioned procedure. These mutations
yield a set of 27 mutated sequences for each real
protein sequence. All single-point mutations are
non-Poissonian and occur only once. The thermodynamic changes due to random site mutations in the
prototype sequences are reflected by the change in
their free energies (ΔGfolding) which is given by,49
⎛
⎛ Ef ⎞⎞
ΔGfolding = E f + k BT ln ⎜ Z − exp − ⎜
⎟⎟ ,
⎝ k BT ⎠ ⎠
⎝
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(18)

where Z is the partition function is (kBT is chosen to
be 1). Mutant sequences are considered viable if the
native conformation of the protein remains un-

4.

(19)

Results and discussions

Mutant sequences for which the ΔΔGstability values lie
below certain critical value ΔGcrit are termed as viable sequences and can fold back to the native conformation. The corresponding mutations are known
as ‘good’ mutations.50 For each of the 27 mutated
sequences corresponding to a given parent protein
sequence, the ΔΔGstability is calculated and compared
with ΔGcrit. The protein sequences for which ΔΔGstability
< ΔGcrit are considered stably folded. After each
generation of mutations the fraction of such prototype sequences (Pf (m)) are calculated. For three
arbitrary cut-off free energy values, ΔGcrit = –0⋅1,
–0⋅5, –1⋅0, Pf (m)’s are calculated for the real protein
sequences as well as the sequences generated from
exhaustive enumeration and self-consistent field
theory. Results are depicted for the variation of
Pf (m) with the generation of each random site mutations in figure 1.
Theoretically calculated values of Pf (m)’s show
an excellent match with that of exact enumeration
and real proteins in some cases but for others (e.g. in
figure 1(d), (f) and (i)) the matches are not perfect.
A quantitative assessment of the performance of the
theory is done by calculating the root mean square
(RMS) deviation of the logarithm of Pf (m) between
the real proteins and the SCF theory results.
The logarithmic RMS deviation is given by,51
1/ 2

⎛ n= 27
⎞
ρ = ⎜ ∑ [ln Pf real ( m) − ln Pftheory ( m)]2 ⎟
⎝ i =1
⎠

.

(20)

For the data presented here, figure 2 clearly points
out cases where the theory matches extremely well,
the measured logarithmic RMS deviation is less than
1, mostly it lies within the range 0 to 0⋅1.
Very few cases are observed where ρ values
exceed 1. The sequence plasticity of proteins makes
them more robust to random mutations and imparts
extra stability to their respective native conforma-
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Figure 1. (a)–(c). Φ chosen for SCF and enumeration is –8⋅5. Three plots are corresponding
to different ΔGcrit values taken in decreasing order as marked above. For ΔGcrit = –0⋅1, –0⋅5 the
real protein considered is 2HTG, for ΔGcrit = –1⋅0 the considered real protein is 2CCO. (d)–(f)
Φ chosen for SCF and enumeration is 6⋅5. For ΔGcrit = –0⋅1, –1⋅0 the real protein considered is
1TTL and 1SMZ is for ΔGcrit = –0⋅5. (g)–(i) Φ chosen for SCF and enumeration is 7⋅5. Protein
2HFR is chosen for ΔGcrit = –0⋅5, –1⋅0 whereas protein 2HGO is for ΔGcrit = –0⋅1.

Figure 2. Histogram of logarithmic RMS deviation for
randomly mutated 27 sequences at φ = –0⋅5 for each cutoff level.

tions. However, multiple point mutations especially
in the active site of the protein can cause a change in
its biochemical function. It is observed that the
replacement of amino acid residues in the internal
region can alter the entire properties of tropomysin

molecule.52 These mutations considerably affect the
sequence composition and the free energy surface of
the protein molecule. Thus, it is important to know
the variation of composition in sequence with
increasing generations of cumulative mutations for
designing de novo proteins.
The contour diagram of two real proteins’ free
energy surfaces are studied as a function of generations of mutations and fraction of hydrophobic residues. The two real proteins considered are 1 AV3, a
potassium channel blocker and 2 HTG, a membrane
protein. The free energy surface for the exactly
enumerated sequences show an excellent match with
those of the self-consistent theory and real proteins.
Comparison of results, shown in figures 3–8, suggest that protein sequences are stable up to a certain
degree of random and cumulative site mutations after which they collapse. The plasticity of protein sequences is solely dependent on the stability of native
fold. More stable the native fold, more will be its
tolerance towards cumulative mutations. Another
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important aspect is the effect of hydrophobic residues on the inherent sequence plasticity of proteins.
It is observed that for each protein there exists
an upper and lower cut-off bound for the number
of hydrophobic residues within which the

protein sequence is robust to mutations. This cut-off
range may vary53 with the length of a specific protein and its native fold stability. The present study
demonstrates that on an average it lies within a
range of 40% to 50%. The result is bit surprising as

Figure 3. Free energy surface ΔG(nH, m) as function of
mutations and fraction of hydrophobic residues. The real
protein considered here is 1AV3.

Figure 6. Free energy surface ΔG(nH, m) as a function
of number of mutations and fraction of hydrophobic residues for 2 HTG.

Figure 4. Enumeration result at φ = –4.

Figure 7. Enumeration result at φ = 5⋅5.

Figure 5.

SCF results at φ = –4.

Figure 8.

SCF result at φ = 5⋅5.
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the ratio of hydrophobic residues to polar is less
than half, though hydrophobic interaction is
believed to be the major driving force to fold protein
sequences. This is probably due to the increasing repulsions within the hydrophobic core with the increase in the number of hydrophobic residues in the
protein.
A neutrally evolving protein can be looked upon
as a node in the neutral network. Hence it is important to know the topology of neutral-network and to
verify whether it can affect the plasticity of a protein
sequence and the manner in which it does. For the
membrane protein 2HTG, the sequence is mutated
cumulatively up to four generations at first four sites
chosen in all possible (i.e. 4! = 24) ways. The mutation is done by the following scheme: H → P or vice
versa.54
The free energies ΔG of all the mutated as well as
the wild type sequences are calculated. This protein
is robust for the four cumulative mutations. Hence
all the 96 prototype sequences are interconnected in
neutral network. The nodes are said to be neutralneighbours in the network on the basis of the most
natural metric between different points of a sequence space, the Hamming distance.55,56 Hamming
distance represents the number of amino acid changes
necessary to go from one amino acid sequence k to
another sequence l which is exactly same as the

Figure 9. (a) and (b) represent the native stabilities of
protein sequences of real protein 2HTG and theory respectively in neutral-net. Neutral mutations are indicated
by lines connecting the horizontal levels. (c) and (d) represent the heuristic view of neutral-net topology for real
protein and theory respectively.

number of mutated sites. Figure 9 depicts the neutral
network observed for the real protein 2HTG and the
sequence generated from the theory for φ = 5⋅5. Except the unique native fold, there exist degenerate
states at each Hamming distance. More the number
of degenerate states more would be the interconnections within the network and thus the protein is more
amenable to evolve neutrally at a faster rate. The
protein is expected to be more robust towards mutations and hence more ‘designable’.
The neutral-network pattern obtained from the
self-consistent field theory bears a close resemblance to the real proteins but differ in the energy
scale. The heuristic views of the funnel-like topology
(figure 9c–d) of the neutral-network is presented by
plotting the average stability of the sequences as a
function of the Hamming distances. Theory presents
a comparatively wider funnel compared to the shallow one obtained from the real protein. This difference in the depth of the funnel may be due to the
simple coarse-grained potential used in the theory as
compared to the complex interplay of diverse interactions in a real protein.
Successive mutations in the wild type sequences
of some real proteins enhance its function and stability.57 This observation is quite contradictory from
the evolutionary perspective.58 Though the present
study suggest the possibility of existence of some
sequences after successive mutations (at Hamming
distance 3), which are even more stable and hence
may be of more pronounced functionality compare
to the native fold. In the self-consistent field theory,
the choices of sequences are motivated partly by the
foldability criterion (φ). Hence, the variation of the
sequence plasticity with the change in φ values can
provide a better understanding regarding protein’s

Figure 10. Variation of protein plasticity with the foldability criterion.
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robustness. Figure 10 shows that the protein sequences having negative φ values are more robust to
site mutations, especially the sequences lying within
the foldability range –3⋅0 to 0⋅5. The mutational
robustness of a sequence is identified by the number
of prototype sequences which decrease at both
extremes of the φ values. This is because the sequences are either predominantly hydrophobic or
hydrophilic at both extremes of φ values.
This is because the sequences are either predominantly hydrophobic or hydrophilic at both extreme
of φ values.
5.

Conclusions

To summarize, a self-consistent mean-field theory
based formalism is developed to predict the protein
neutrality and its robustness for single and multiple
point random mutations. The theory is applied to a
27-mer lattice protein on a simple three-dimensional
cubic lattice. All maximally compact conformations
of the lattice protein are considered. Non-compact
lattice proteins rarely fold into maximally compact
conformations.59,60 Using a simple coarse-grained
scoring function and the theory can be used to identify native fold sequences for pre-assigned conformations consistent with a generalized foldability
criterion φ. Sequences with different φ values
closely resemble real proteins. The theory yields the
fraction of mutant proteins which fold stably to the
native conformation, Pf (m) as a function of singlepoint mutations.
Results from the theory and exact enumeration are
compared with small real proteins obtained from the
PDB. Theoretically predicted protein neutrality
matches extremely well with those of real proteins
and with the results of exact enumeration. The theory
also provides an insight about the sequence plasticity and correlates between the fraction of hydrophobic residues and mutational robustness. Moreover,
the theory depicts the neutral-network pattern in
terms of the Hamming distance and points out the
effect of cumulative mutations on protein sequences.
An important aspect of the theory is its applicability
to real proteins with different functionalities. Hence,
this theory provides a suitable framework for designing de novo protein sequences with improved
functionalities by site-directed mutagenesis experiments and a rationale to the inherently different
designability of different protein sequences based on
the differences in their neutrality.
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