
SHORT COMMUNICATION

What Is the Protein Design Alphabet?
Nikolay V. Dokholyan
Department of Biochemistry and Biophysics, School of Medicine, University of North Carolina at Chapel Hill,
School of Medicine, Chapel Hill, North Carolina

ABSTRACT Selecting a protein sequence that
corresponds to a specific three-dimensional protein
structure is known as the protein design problem.
One principal bottleneck in solving this problem is
our lack of knowledge of precise atomic interac-
tions. Using a simple model of amino acid interac-
tions, we determine three crucial factors that are
important for solving the protein design problem.
Among these factors is the protein alphabet—a set of
sequence elements that encodes protein structure.
Our model predicts that alphabet size is indepen-
dent of protein length, suggesting the possibility of
designing a protein of arbitrary length with the
natural protein alphabet. We also find that protein
alphabet size is governed by protein structural prop-
erties and the energetic properties of the protein
alphabet units. We discover that the usage of aver-
age types of amino acid in proteins is less than
expected if amino acids were chosen randomly with
naturally occurring frequencies. We propose three
possible scenarios that account for amino acid unde-
rusage in proteins. These scenarios suggest the
possibility that amino acids themselves might not
constitute the alphabet of natural proteins. Proteins
2004;54:622–628. © 2004 Wiley-Liss, Inc.

Key words: protein design problem; protein design
alphabet; amino acid usage

INTRODUCTION

Significant advances have been made in the past decade
in uncovering the mechanisms by which an amino acid
protein sequence folds into its unique three-dimensional
(3D) conformation (the protein folding problem1)2–7 The
inverse problem—the protein design problem—is to un-
cover the principles that enable us to manipulate protein
structures by selecting (designing) a sequence that folds
into a target 3D structure.8,9 The ability to manipulate
protein structure has immediate implications for our
capability to alter a protein’s function or even tailor it to
our needs. The principal obstacles to the solution of the
protein design problem are our lack of precise knowledge
of atomic interactions and protein folding time scales that
are inaccessible to detailed molecular dynamics (MD)
simulations. With unlimited computer power, the protein

design problem is best approached from the first physical
principles. Various approximations to complex many-
particle systems allow simplified treatments of the protein
design problem and even resolve protein folding in com-
puter simulations. The trade-off for such approximations
is simplified and less accurate models of atomic interac-
tions (known also as a force-field or a scoring function).
Despite intensive developments in the protein design field,
success has been limited to the redesign of known folds and
the design of small proteins.10–13 Improvements will come
from more appropriate approximations to atomic interac-
tions. Conceptually, it is important to understand what
the important ingredients of these approximations are.
Here, using a simple model of amino acid interactions, we
develop a theoretical framework of protein design and
uncover these important ingredients.

One of the postulates in the protein folding field is that
most proteins are thermodynamically stable in their native
states.14–17 Importantly, the thermodynamic stability re-
quirement has no implication for how stable natural
proteins are.18,19 In fact, it has been established that
natural proteins can be “redesigned” to be more stable
than the wild-type.20,21 The thermodynamic stability re-
quirement has been widely used to develop atomic interac-
tion potentials.15,22–26 We apply the protein stability re-
quirement to a simple model of atomic interactions when
total potential energy of a protein is the sum of all pairwise
interactions between atoms.

METHODS

We assume that the Hamiltonian H(�,S) for a protein
conformation � with a given sequence of amino acids S is
the sum of pairwise interaction potentials u(�a,�b) be-
tween atoms of types �a and �b:
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H��, S� � �
�a,�b

M �
i�j�1

N

u��a, �b�si��a�sj��b��ij, (1)

where si(�a) � �(�a � �̂i), �̂i is the atom type at a position
i along the sequence S, �(x) is 1 if x � 0, or 0 otherwise; �ij

is a contact matrix element, defined to be 1 or 0 depending
on whether atoms i and j are geometrically separated by a
distance smaller or greater than some threshold distance
dc. M is the number of distinct atom types (the alphabet
size). For example, when we choose a coarse representa-
tion of proteins so that each atom type is represented by a
distinct amino acid, then M � 20. In the case of the
HP-model, in which amino acids are hydrophobic (H) or
polar (P), M � 2.

The thermodynamic stability requirement postulates
that the potential energy of the protein native conforma-
tion � is significantly smaller than any alternative confor-
mation (decoy) �D [i.e., H(�,S) �H(�D,S)] for all decoys.
Bryngelson and Wolynes27 and Guttin and Shakhnovich28

adopted the Random Energy Model (REM)29 to proteins
and shed light on the nature of the above inequality. They
related the actual thermodynamic stability of a protein to
the potential energy difference (energy gap) �H between
the native state � and the lowest energy decoy �C: �H �
H(�,S) 	 H(�C,S) 
 0. In the REM, the potential energy of
a decoy is the sum of a number of pairwise contributions.
Since the decoy space is large, using the central limit
theorem, one can approximate the distribution of decoy
potential energies by a Gaussian distribution. From the
distribution of potential energies of the decoys, one can
relate the energy gap �H to the free energy difference
between a protein ground state and the unfolded state.
The stability requirement is then 	�H � kBT, where T is
the temperature and kB is a Boltzmann constant. Since the
number of protein conformations available at a given
temperature is a function of kBT, the stability requirement
can be rewritten as

Z �
�H

��H�
� 	1, (2)

where �(H) is the root-mean-square deviation (RMSD) of
the potential energy values of the decoys. Thus, the goal of
protein design from the perspective of REM is to find such
a sequence that minimizes the value of the Z-score (Z 
 0).
Here we question what the set of atomic interaction
parameters u(�i,�j) is that minimizes the Z-score.

Goldstein et al.30 minimized the Z-score and found the
ideal potential of pairwise atomic interactions. We perform
similar minimization for an M-letter alphabet and, in
addition to Goldstein et al.,30, obtain the actual minimal
value of the Z-score:

Zmin
�M� � 	� �

�a,�b

M

K2��a, �b��1/2

� �2N log �, (3)

where N is a protein length, � is the number of conforma-
tions per atom,8 and

K��a, �b� �

�
i�j�1

M

si��a�sj��b���ij � fij�

� �
i�j�1

M

si��a�sj��b�fij�1 � fij��1/2 , (4)

and fij is the frequency of contacts between atoms i and j in
all decoy conformations. In the Go� model,31 in which
atomic interactions are defined based on the native protein
structure, the alphabet size is equal to the number of
possible contacts in a protein. For the Go� model, Eq. (3)
takes a simple form:

Zmin
�Go� � 	� �

i�j�1

N
��ij � fij�

2

fij�1 � fij��
1/2

� �2N log �. (5)

RESULTS AND DISCUSSION
Lessons for Protein Design

Eqs. (3) and (5) shed light on three principal factors of the
protein design problem: (i) the alphabet size M, (ii) the
number of atomic conformations �, and (iii) the frequency of
contacts fij of decoy conformations. The number of atomic
conformations � directly corresponds to protein flexibility, so
the accuracy of the designed interaction potential depends on
a protein model. In fact, as we increase a protein model’s
flexibility, its entropy increases so that the enthalpy, neces-
sary for protein stability, increases. Representation of the
decoy space is also crucial for the accurate identification of
the interaction potential. It is especially important for train-
ing interaction potentials to satisfy Eq. (2), because misrepre-
sentation of the secondary structure elements in the decoy
space leads to biases in the interaction potentials (Ding and
Dokholyan, unpublished results). The three principal factors
of protein design may not be mutually independent; protein
model flexibility, as well as alphabet size, affects the decoy
space. These factors mirror Shakhnovich’s Lessons 2–4 for
protein design.8

An important property of Eqs. (3) and (5) is that Zmin
(M) is a

decreasing function of M, that is,

�Zmin
�M� � � �Zmin

�M � 1�� � . . . � �Zmin
�Go��. (6)

Inequalities [Eq. (6)] can be proven by noting that as we
increase M, we distribute K(�a,�b) among a larger number
of terms, so that the proof rests on the following inequality:

�x1 � x2�
2

y1 � y2
�

x1
2

y1
�

x2
2

y2
, @x1 � 0, x2 � 0, y1 � 0, y2 � 0.

(7)

The set of inequalities [Eq. (6)] provides another valuable,
although intuitive, lesson for protein design: The larger
the size of the design alphabet, the higher the stability of
the best-designed protein.

While a number of studies have indicated that, using the
Go� model, it is possible to consistently reach the protein
native state in folding simulations,32–34 the question arises:
What is the minimal number of atom types Mc that nature
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needs to encode a protein? From Eq. (3) we estimate this
number by noting that the value of Zmin

(M) becomes 0 (the
protein becomes unstable) when M � Mc. The sum ¥�a,�b

M

K2(�a, �b) in Eq. (3) has approximately M2/2 terms, and
their values are proportional to the number of amino acids
in the protein N; thus, it can be written as ¥�a,�b

M K2(�a, �b)
� M2Nε/2, where � is some factor independent of M and
N. Therefore, the minimal size of the design alphabet is
given by Mc � 2
ln �/ε and is independent of N. This fact
is significant because it posits that one can encode a
protein of an arbitrary length with a natural protein
alphabet. The minimal size of the alphabet is a function of
the structural (�) and energetic (�) properties of proteins
and amino acids correspondingly.

Protein Alphabet

One way to shed light on the protein alphabet is to study
the usage of various types of amino acids in actual
proteins. From the DALI35,36 classification of protein
domains—the elementary structural units of proteins—we
compute the number of distinct amino acid types used m
for various domain lengths N [Fig. 1(a)]. Interestingly, the
dependence m(N) is “sigmoidal” [i.e., m(N) saturates at
N � 120–150 amino acids]. This number defines the
length of a typical protein domain that utilizes maximally
diverse amino acid types.

For control, we compare observed to expected amino acid
usage in the case when we select amino acid types at
random from a pool of M possible types, each type occur-
ring in nature with frequency pi, (i � 1 … M). We estimate
the probability Pexp(m�N;M) that the amino acid usage in a
domain of length N is m:

Pexp�m�N; M� �
1
� �

n1,. . .,nM�0

M N!
n1! . . . nM! p1

n1 . . . pM
nM��n1 � . . .

� nM � N� �
�(i1,. . .,iM � m)

��ni1�. . . ��niM � m�, (8)

where � � ¥m � 1
M Pexp(m�N; M) is the normalization

factor, and �(i1,…,iM	m) indicates all permutations of
indices i1,…,iM	m. The first half of Eq. (8) includes all
possible combinations of decompositions of N amino acids
into n1,…,nM groups, so that n1 � … � nM � N. The second
half of Eq. (8) sets all possible (M	m) ni terms to zero, ni �
0, so that only m ni terms are nonzero. Eq. (8) can be
reduced to

Pexp�m�N; M�

�
1
� �

��i1,. . .,iM � m�

�pi1�. . .�pim�N�
1
�

M!
m!�M � m�! �m

M�N

. (9)

In Eq. (9) we approximate pi1
� … � pim

by m/M.a We plot
the expected amino acid usage mexp(N) that corresponds to

the maximal value of Pexp(m�N;M) derived for such a
control in Figure 1(a). We find that mexp(N) dependence on
N saturates at much lower than observed values of Nexp �
60 amino acids, suggesting that amino acid usage in
proteins is by far nonrandom. In fact, the expected prob-
abilities of various amino acid usages m for average
domain lengths corresponding to m do not exceed 10	3

[Fig. 1(b)], except for the trivial case when m � 20.
A striking observation can be made from Figure 1: There

are a number of large domains with amino acid usage
significantly smaller than one would expect if amino acids
were chosen randomly. For example, the expected probabil-
ity of observing an amino acid usage of 17 for a domain of
size 300 amino acids is approximately 10	17. The fact that
we observe a number of domains that have low expected
probability of amino acid usage suggests three not mutu-
ally exclusive scenarios: (i) the protein alphabet size is
smaller than 20; (ii) the usage of some amino acids is
avoided due to their chemical properties (Kuhlman, pri-
vate communication); and (iii) amino acids themselves do
not form a protein alphabet (i.e., primary sequence in
juxtaposition with the correlations between amino acids
along the sequence determine the protein 3D structure).

The first scenario is supported by a number of experimen-
tal, computational, and phenomenological studies. Riddle
et al.37 experimentally redesigned a small �-sheet protein,
the SH3 domain, so that redesigned SH3 domain consisted
of only 5 amino acid types. The expected probability for 5
amino acid usage in a protein containing 56 amino acids
(Src SH3 domain) is Pexp(m � 5�N � 56;M � 8) � 10	29.
The folding rates of the redesigned SH3 domain were not
significantly different from those of the wild-type. Shakh-
novich38 demonstrated that, using lattice proteins and a
pairwise interaction potential, one can design a stable
lattice protein with a unique native state with an alphabet
of 20, but not 2. In a similar study, Wang and Wang39

showed that a reduced alphabet of only 5, but not 2, types
of amino acids does not significantly alter the folding
properties (“foldability”40,41) of lattice proteins. Using
information theory and bioinformatics, Strait and Dewey42

found that the Shannon entropy of protein sequences is
approximately 2.5 bits per amino acids, which corresponds
to an alphabet size of 5.7 amino acids. From the evolution-
ary perspective, Dokholyan and Shakhnovich43 repro-
duced amino acid conservation patterns in 5 protein fold
families using an alphabet of only 6 amino acid types in a
simplified model of protein evolution. Here, we also deter-
mine the most probable alphabet size Mmp for a given
average domain length N with a given amino acid usage m
[i.e., such a value M � Mmp that maximizes Pexp(m�N;M)
for given m and N]. We find that Mmp is always equal to m.
Since the smallest amino acid usage observed is 8, we set a
limit on the size of protein alphabet of less than 8.

The second scenario for amino acid underusage is also
likely due to possible chemical and structural restrictions
on various amino acids. To test this scenario, we compare
the usage for each individual amino acid in protein do-
mains of lengths between 400 and 500 amino acids versus
that of lengths smaller than 100. We find no significant

aThe approximation made in Eq. (9) is valid when the amino acid
usage m � 1. In Figure 1(b), we estimate Pexp(m�N;M) for m � 12. The
difference between frequences of the 12 least occurring amino acids
[largest source of error in Eq. (9)] and 12/20 � 0.60 is approximately
0.16. The sum in Eq. (9) is dominated by terms that are much smaller
than 0.16.
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Fig. 1. (a) The number of distinct amino acid types used in DALI protein domains of various lengths N (●).
The red solid curve traces the maximal domain length with a given amino acid usage, and the blue dot-dashed
curve is its power–law fit. The blue dashed line traces the average domain length, along with the standard
deviation. The dot-dashed yellow curve traces expected amino acid usage for a given domain length. For
comparison, we put the values of probabilities (pexp � 10	14, 10	17, 10	11) to observe the amino acid usage of
13, 17, and 19, respectively, in protein domains of lengths 100, 290, and 540 correspondingly. (b) The
expected probability Pexp(m�N;M) (■; left y-axis) of the observed amino acid usage (E; right y-axis) for an
average domain length corresponding to a given amino acid usage taken from Figure 1(a). For example, for an
average domain length of 46 amino acids, the observed amino acid usage is 13 (red solid arrows); the
corresponding expected probability Pexp(m � 13�N � 46;M � 20) � 7 � 10	6 (blue dashed arrows).
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differences in amino acid usages except for the special
amino acids Gly and Pro, charged amino acids Glu, Lys,
Arg, and disulfide bridge-forming Cys. The number of
charged amino acids is smaller in longer proteins, possibly
because the surface area of globular proteins grows more
slowly than volume as protein length increases, so that the
number of hydrophobic and polar residues increases. How-
ever, since there is a large number of the latter, the
differences between the usage of hydrophobic and polar
residues in longer versus shorter protein domains are not
significantly pronounced. Gly and Pro are used signifi-
cantly more often in longer than in shorter domains,
possibly because they play a crucial role in helix breaking
and the formation of loops. Cys may be important in
shorter proteins because formation of disulfide bonds
stabilizes proteins. For longer proteins, formation of im-
proper disulfide bonds may result in intermediates and
slow the proteins’ folding rates. Khare et al.44 recently
demonstrated in MD simulations of human Cu,Zn superox-
ide dismutase (SOD1) that SOD1 irreversible unfolding
may be due to the formation of improper disulfide bonds
between cysteins on a folding pathway. Abkevich and
Shakhnovich45 also observed an anticorrelation between
the number of Cys residues and the aliphatic hydrophobic
residues, in agreement with our findings (Fig. 2).

The third scenario of why the typical amino acid usage is
less than 20 may be because amino acid usage does not
represent the protein alphabet. It is a number of properties
that include those of individual amino acids and correla-
tions between physical properties of amino acids along
protein sequences that determine the alphabet. So, in this
case, the alphabet size is much larger than 20 and the
pressure to use specific letters of the alphabet is dimin-

ished. There is also significant evidence for such a sce-
nario. Chen and Stites46 demonstrated the important role
of three-body interactions in multiple-mutant studies of
staphylococcal nuclease. Carter et al.47 observed that
frequencies of quadruples of amino acids that are in
geometrical proximity to each other in proteins correlate
with the changes in protein stabilities (��G) upon muta-
tions in these quadruplets. The question then is: What is
the protein alphabet? The answer to this question may not
lead to actual physical objects, but rather to some abstract
objects that represent a superposition of a number of
physical properties, such as partial charges, polarizations,
the number of chemical bonds formed, and various quan-
tum properties. An important goal for future studies then
is to identify this alphabet and all possible physical
properties that constitute it.

All three scenarios for why amino acid usage in proteins
is smaller than 20 are not mutually exclusive. An under-
standing of the protein alphabet is essential to successful
in silico protein design,8,38,39 because the actual protein
alphabet determines the parameter set for the energy
function that is used for protein design.b Therefore, fur-
ther studies are needed to uncover the true basis for
encoding protein 3D structure. The knowledge of the
protein alphabet will aid the development of the amino
acid interaction models that capture protein native struc-
ture and folding mechanism and, thus, will allow the
rational manipulation of protein structure and folding
pathways. These studies may also shed light on the

bFor example, the Hamiltonian in Eq. (1) is determined by M(M 	
1)/2 parameters.

Fig. 2. The frequency of individual amino acid usage for protein domains of length no longer than 100
amino acids (black lines) compared to that for domains of length 400 
 N 
 500 (gray lines). The differences
between these frequencies for longer versus shorter domains are presented on the upper graph.
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redundancy of the genetic code and identify the principal
rules of molecular evolution.

If the reason why amino acid usage in proteins is less
than 20 is due to the smaller alphabet size, the question is
then why has nature utilized 20 amino acids? It seems
inefficient to develop and maintain an extensive machin-
ery to produce/process “nonessential” amino acids. A pos-
sible answer to this question is that redundant amino
acids preserve the stability of protein structures from a
number of mutations that accumulate in protein se-
quences in the course of evolution. A physical explanation
for protecting protein structures against mutations follows
from Eqs. (1), (2), and (6): The larger the alphabet size, the
larger the number of protein sequences that satisfy the
stability requirement [Eq. (2)]. So a random substitution
statistically preserves a protein’s structure. Let us imag-
ine a hypothetical situation when we add to the protein
alphabet a new amino acid Ala� that is very similar to Ala
but encoded by a different triplet(s) of nucleotides. A
mutation that substitutes Ala by Ala� in a protein se-
quence does not alter the native protein stability, so that
the structure and the function of the protein is preserved.

CONCLUSIONS

Using a simple model of atomic interactions, we demon-
strate the three principal factors that must be addressed
in the course of protein design: (i) protein alphabet, (ii)
protein model flexibility, and (iii) unbiased sampling of the
protein conformational (decoy) space. We also find that one
can design a protein of an arbitrary length using an
appropriate alphabet that is consistent with protein struc-
ture. In addition, we discover that, surprisingly, the
number of amino acids used in proteins is much smaller
than expected if they were chosen randomly with naturally
occurring frequencies. We propose three possible scenarios
to explain underusage of amino acids in proteins: (i) the
actual protein alphabet size is smaller than 20; (ii) the
usage of some amino acids is avoided due to their chemical
properties; (iii) amino acids themselves do not form the
protein alphabet (i.e., the primary sequence in juxtaposi-
tion with the correlations between amino acids along the
sequence determine the protein 3D structure). These
scenarios are not mutually exclusive and each is supported
by a number of experimental, analytical, computational,
and phenomenological studies.
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