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Much of the current study of protein organization is aimed at understanding emergent polymeric structure in
three rather than one dimensions. This is largely because the weak bonds between amino acid side chains in
one-dimensional peptide heteropolymers that determine their equilibrium tertiary structures involve large loop
interactions between sequentially distant sites. For this reason, searches for sequential patterns seem intuitively
irrelevant even though the coding for 3D protein structure is present in the 1D peptide chain, On the other
hand, we have found that there are particular circumstances in which matches in sequential patterns in amino
acid side chain thermodynamic properties postdict signatory modularity in the tertiary structure of protein
families and polypeptide-protein interactions, such as peptide-receptor, peptide-membrane transporter,
nuclear factor-protein docking, and chaperone-protein binding. Here we describe and justify our computational
approach to matching sequential organization, with examples from experimentally demonstrable, polypeptide-
protein interactions. Using established values for each amino acid’s hydrophobic free energy, “hydrophobicity”,
in kcal/mol, derived from their normalized free energy of transfer from nonpolar to polar bulk phases of
binary solutions,34 we study the variations in hydrophobicity along primary sequences and seek matching
patterns among them. We analyze this discrete data series using the all-poles power spectrum for shorter
polypeptides. For longer polypeptides and proteins, including membrane receptors, relevant protein domains,
nuclear factors, and chaperones, we first decompose the data using autocovariance matrices into orthogonal
eigenvectors, compose these eigenvectors with the original series to generate eigenfunctions, and then compute
their power spectra. We show examples of sequential pattern-matched peptides that postdict binding of a
non-peptide (estrogen) receptor, protein (calcineurin) binding to its T-cell nuclear factor (NFAT) docking
site, and chaperone (GroEL) binding to one of its target enzyme proteins (â-lactamase). Polypeptide sequences
and the associated proteins that bind them share distinguishing spectral features in their all poles power
spectrum. This approach achieves practical significance because inversion of these analytic methods are now
being used to successfully design de novo peptides which demonstrated their predicted physiological activity.

Introduction

Proteins are one-dimensional chains composed of the 20
essential (nutrition dependent) amino acids which are found in
mammalian systems. Each amino acid is chained to the next
by strong, covalent peptide bonds of approximately 100 kcal/
mol. The three-dimensional shape assumed by the polymeric
chain in its aqueous, physiological environment, however, is
determined by four types of “weak” intermonomeric bonds of
2-5 kcal/mol. The weak bonds include van der Waals contacts,
≈0.5-1 kcal/mol, hydrogen bonds,≈3-6 kcal/mol (though
significantly distracted from full expression of polymeric self-
relations by the surrounding water), ionic bonds (reduced
functionally from as high as 80 kcal/mol to 1 kcal/mol due to
shielding by high dielectric constant water) and the energetically
most significant, hydrophobic bonds of up to 5 kcal/mol
resulting from the attractive interaction of nonpolar substances
which aggregate for surface minimization in polar water.39 These
weak bonds are functionally expressed against a background

of ambient molecular kinetic energy at physiological (≈25 °C)
temperatures of about 0.5 kcal/mol. Quantitative estimates of
the hydrophobic, lipophilic seeking property of amino acids,
free energies of solvation,22,8 can be derived from their relative
concentrations in organic versus water bulk phases of a binary
solution,34 normalized for glycine) 0 and parametrized by the
Boltzmann constant. In the relative hydrophobicity scheme used
here,24 the amino acids fall generally into four categories of
five members each.

The free energies of transfer, the hydrophobic free energies
in kcal/mol of the amino acids are respectively glycine/0,
glutamine/0, serine/0.07, threonine/0.07 asparagine/0.09; aspar-
tate/0.66, glutamate/0.67, arginine/0.85, alanine/0.87, histidine/
0.87; cysteine/1.52, lysine/1.64, methionine/1.67, valine/1.87,
leucine2.17; and tyrosine/2.76, proline/2.77, phenylaline/2.87,
isoleucine/3,15, tryptophan/3.77.

There is much evidence that the protein primary sequence
codes information essential for the secondary and tertiary
structures of a protein in the form of amino acid hydrophobicity
sequences.18 Guidance by global hydrophobic free energy† Part of the special issue “Harvey Scher Festschrift”.
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minimizing arrangements among sequential patterns of hydro-
phobic groups take the form of long-range (>20 Å versus 2-3
Å for van der Waals interactions), water hydrogen bond strain
minimizing attractive force between hydrophobic surfaces.35

This force has been measured directly (in newtons) by atomic
force spectroscopy.17 For examples, experiments have shown
that chains that fold into helices orâ-sheets can tolerate
positional exchanges in specific amino acids of equal hydro-
phobicity without a change in thir secondary structures.19,20,40

With respect to peptide-peptide hydrophobic attraction and
aggregation, the folding of the protein interlukin-1â into sheets
starts with the closing of a “hydrophobic zipper” that matches
and draws together mode matched hydrophobic sequences to
minimize their contact with water.6,7,14

For anN amino acid long protein, we treat the primary protein
hydrophobicity sequence as a discreteN point data series. Early
on, it was discovered that hydrophobic rotation numbers,37

graphs representing the sequence of amino acids on “helical
wheels”,19 hydrophobic moments,9 and direct Fourier transfor-
mation of the data25,27 revealed distinguishing hydrophobic
cycles and/or spectral peaks for polypeptides and proteins,
including membrane receptors. For example, genericR-helices
have wavelengths of 3.6 aa and≈1.5 Å linear physical distance
per residue; genericâ-strands have 2.1 aa per hydrophobic
rotation and≈3.3 Å distance per residue. Hydrophobic wave-
lengths ranging from 2.0 to 13.6 aa and beyond have been found
in polypeptides and proteins.30

Polypeptides with as much as 60% disparity in the specific
amino acid primary sequence manifest similar spectral modes
and physiological behavior. For example, across species, power
spectra of hydrophobic series for growth hormone-releasing
factor and calcitonin in human, pig, rat, salmon, and cow possess
the same dominant Fourier modes. Snake toxins and the Torpedo
shark cholinergic receptors which bind them share Fourier
modes.25,27

The direct Fourier transform has the disadvantage of requiring
long data sets for precise resolution of frequencies and freedom
from end effects, while polypeptide sequences, even in generic
proteins are, relative to the usual length of data used in
processing of signals, relatively short. This has encouraged us
to seek more suitable methods of spectral analyses of hydro-
phobic sequences for the prediction of polypeptide binding to
membrane receptor proteins,30 membrane protein transporters,26

and chaperones and their associated proteins.28 We begin with
a type of power spectrum analysis geared toward capturing
peaked spectra from short data sets, such as that representing
small peptides that bind to larger protein receptors. For the
longer sequences of receptor and other proteins in the form of
their autocovariance matrices, we first decompose the sequence
into orthogonal eigenvectors, which, when composed with the
original sequence, generate eigenfunctions. We study the spectra
of these eigenfunctions and match their spectral peaks, “hydro-
phobic modes,” to those found in the spectra of the short
peptides.

Characterizing these hydrophobic modes and their matches
has practical implications because our new (proprietary) work
involves the inversion of some of these analytic procedures for
the purpose of generating new protein-targeted peptides, which
pilot studies in receptor transfected cell systems demonstrate
the predicted physiological activitiy. The approach presented
here is thus part of the analytic portion of a new and potentially
orders-of-magnitude more efficient program of alternatives to
searches for functionally relevant “lead compounds” in very
large, randomly generated, peptide libraries.

Here we apply these techniques to (1) find signatory peptide
hydrophobic binding wavelengths in the non-peptide estrogen
receptor, ERR, thought to be involved in escape from tamoxifen
chemotherapy for breast cancer for which active, potentially
therapeutic peptides have been sought by using 18 phage-
displayed peptide libraries, each with a complexity of 1.5×
109 phage;32 (2) find signatory peptide sequence binding modes
of the calcineurin docking site to the nuclear factor of activated
T-cells, NFAT; peptides for which have been sought as a less
cytotoxic, immunological drug using serial optimization of
affinity screens of randomly generated peptide libraries1; (3)
find the signatory peptide sequence modes that postdict the
binding of a heat shock protein, GroEL, which hydrophobically
binds to and facilitates the proper folding of the enzyme
â-lactamase as its chaperone.41 These and similar settings
involving unfolded, partially unfolded and/or solvent exposed
amino acid strings are circumstances in which efforts to
characterize polypeptide sequence patterns and using one-
dimensional techniques appear rewarding.

All-Poles Power Spectrum

One of the most common methods used to seek latent,
statistical, wavelike sequential organization in apparently ir-
regular data is the power spectrum,S(ω), which is used to
estimate the relative weights and the frequency content of a
sequence of observables, the signal.

For the ideally infinite and stationary set of dataxi, the power
spectrum is a real positive function, given by (wherez ) exp-
(iω))

where the positive coefficentsck represent an average over points
separated byk spaces. For a finite set ofN data points

i.e., the autocovariance coefficients,ck, are known quantities
calculated directly from the data. In eq 1, when the number of
data points isN, k will only range from-N/2 to (N/2) - 1.
Since this restricted sum is a finite polynomial inz, it has only
zeros (and no poles). This is called the all-zero power spectrum.
If the power spectrum has peaks, then many coefficients are
needed in the all-zero method to inscribe sharp peaks. If, as in
the case of polypeptides and proteins, the number of data points
is relatively small, then a combination of end effects and broad
band modes can cause the all-zero power spectrum to poorly
represent the frequency content of the data.

As an alternative to eq 1 let us choose to writeS(ω) as36

Expanding the denominator in eq 2, we equate powers ofzwith
the power of the sum on the rhs, for exponents from-N to N,
and in this fashion find the coefficientsak in terms of the known
ck coefficients. The expansion of the denominator, of course,
will contain all powers ofz, and, when expanded, gives an
infinite polynomial. Think of (1+ z + z2) vs 1/(1 - z). The
expression forS(ω) can have poles because the denominator in

S(ω) ≡ |∑
k

x(k) exp(ikω)|2 ) ∑
k)-∞

∞

ckz
k (1)

ck ) 〈x(n)x(n + k)〉 )
1

N - k
∑
n)1

N-k

x(n)x(n + k)

S(ω) )
1

|1 + ∑
k)1

N

akz
k|2

≈ ∑
k)-N

N

ckz
k (2)
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eq 2 can have zeroes. That is why eq 2 is called the all-poles
power spectrum. For values ofz(ω) where the denominator is
a minimum,S(ω) will have relatively sharp peaks, even when
derived from relatively short data sequences. It is in this way
that the all-poles method is superior to the all-zeros method for
representing the intrinsically short sample lengths of polypep-
tides and proteins. We have used the all-poles method directly
to obtain reliable and related spectra of amino acid series as
short as 15-20 points that represent the sequence of hydro-
phobic values of some of the peptide sequences the mediate
their binding to receptors and other proteins.30,26

As an intuitive heuristic, we will sketch a proof that eq 2 is
the form of the power spectrum that maximizes the entropy of
the signal thus explaining the exchangeable use of its two
names: all poles and maximum entropy (MEM) power spectra.
From the Wiener-Khinchine theorem, we can write the power
spectrum as the Fourier transform of〈x(n)x(n + k)〉. Inverting
this transform, in thek ) 0 case gives

Let us now assume thatx(t) is a Gaussian random process that
we decompose into its Fourier modes,x(t) ) ∑k)1

∞ (pk cos(ωkt)
+ qk sin(ωkt)) and thus

where a discrete version for of eq 3 has been used and〈pk
2〉 )

〈qk
2〉 ) 2σ2 gives the variance in thekth spectral mode. The

probability distribution for thekth spectral mode ofx(t) is p(xk)

) 1/x2πσk
2exp(-xk

2/2σk
2) and the entropyHk associated with

the kth mode isHk ) -∫p(xk) log p(xk) dxk. For this Gaussian
probability

Integrating over all frequencies gives the entropy of the signal
as

We maximize the entropy ofS(ω) subject to the known
contraints calculated from the data, ie., theck’s for k ) -N to
N, by using the method of Lagrange multipliers,λk’s

This givesS(ω) in for all-poles form of eq 1 when pairing+
and- exponents to give real terms. As noted above, other names

for this all-poles form is the maximum entropy method (MEM)
and an autoregressive model (ARM).36

Karhuenen-Loeve Orthogonal Decomposition

For longer data series we expand the series in terms of the
orthogonal eigenfunctions of its autocovariance operator, which
we call KL modes since we use a method derivative of the
expansion of Karhuenen and Loe´ve.15,21 This is followed by
computation of the all-poles spectra of these KL modes. The
generalization of the KL expansion we use is due to Broomhead
and King (BK),3,4 who used this approach to estimate the
intrinsic dimensionality of a sequence of observables.11 The BK
modification of this method will be discussed more specifically
in the following section.

Generally, the sum of the KL modes converge rapidly to the
function representing the series being decomposed and KL
modes are not arbitrarily predetermined as sines, cosines, Bessel,
or other known orthogonal functions, but emerge uniquely from
each specific hydrophobic sequence. Given that there areN data
pointsxi (i ) 1, ...,N), we will assume that we can decompose
the data series intoN orthogonal functionsψn, i.e., xi )
∑n)1

N λnψn(i), where∑i)1
N ψn(i)ψm(i) ) δnm, n ) 1, ..., N, m ) 1,

..., N, and then we will show that these KL modes satisfy a
certain eigenvalue problem. We could also provide the opposite
proof that if theψn satisfy the eigenvalue problem, then they
constitute a proper orthogonal mode decomposition of the data.
We want theψn to appear as eigenfunctions (in the BK
procedure, we find them by eigenvector composition with the
original sequence) and theλn to be related to the associated
eigenvalues. To accomplish this we formAij the autocovariance
matrix of the data

where the average is over an ensemble of data, and we assume
that the average〈ψn(i)ψm(j)〉 ) δnmψn(i)ψm(j), giving

TreatingA as a matrix operator, we will show that theψn’s are
its eigenvectors and theλ2n’s its eigenvalues, i.e.

This means if one forms the autocovariance matrix of the data,
its eigenfunctions realize the orthogonal decomposition of the
data.

Broomhead-King Compositional Eigenfunctions

The xi,i)1,...,n sequences were used to generate anM-lagged
data matrix from whichM × M covariance matrices,CM, were
computed. TheseCM were decomposed into a particular form
of l orthogonal eigenfunctions,ψl(j)l)1,...,M,j)1,...,n-M+1.4,3,13,30,38

From the data column vectors (T≡ transpose)V1
T ) (x1, x2 ...,

xn-M), V2
T ) (x2, x3, ..., xn-M+1), ..., VM

T ) (xM, xM+1, ..., xn) and
whereK ) n - M + 1, the sequence averaged dyadic product,

〈x2(t)〉 ) ∫0

∞
S(ω) dω (3)

〈x2(t)〉 ) ∑
k)1

∞

(〈p2k〉cos2(ωkt) + 〈q2k〉sin2(ωkt))

) 2∑
k)1

∞

〈p2k〉 ) ∑
k)1

∞

S(ωk) (4)

Hk ) ∫-∞

∞ 1

x2πσ2
exp(-

xk

2πσ2)(- 1
2
log(2πσ2) -

xk
2/2σ2) dxk

≈ log(σ2) ≈ log〈pk
2〉 ≈ logS(ω)

H ) -∫log S(ω) dω (5)

δ(-∫log S(ω) dω + ∑
k)-N

N

λk[∫S(ω)zk(ω) dω - ck]) ) 0

w ( 1

S(ω)
- ∑

k)-N

N

λkz
k)δS) 0 (6)

Aij - 〈xixj〉 ) ∑
n)1

N

∑
m)1

N

λnλm〈ψn(i)ψm(j)〉 (7)

Aij ) ∑
n)1

N

λ2nψn(i)ψm(j) (8)

∑
j)1

N

Aijψm(j) ) ∑
j)1

N

∑
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N
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N
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xixi
T, is used to obtain the autocovariance matrix, a Hermitean

M × M matrix, CM ) 1/K{xixi
T}. M was chosen to minimize

the least-squares error of many of the protein’sψl from their
hydropathy plots. We compute the ordered eigenvalues,{λi}i)1,...,M,
and the associated ordered eigenvectors, Xi(j), of CM, wherei
) 1, ..., Mand labels the eigenvector, andj ) 1,...,Mand refers
to thejth components of the eigenvector Xi. The{λi}i)1,...,M are
ordered from largest to smallest and constitute the eigenvalue
spectrum ofCM. The similarly ordered associated Xi(j) are then
convolved withx1, x2, ..., xn into this particular form ofψl(j),
wherel ) 1, ...,M labels the eigenvector andj ) 1, ...,n- M
indexes the eigenfunction’sjth component.

In words, the convolution of each of the leading eigenvectors
with the hydrophobic free energy series is carried out by
computing the sums of the scalar products of theM length
eigenvector with anM length of the hydrophobic series to
produce a point in the eigenfunction; this process is translated
down the data series by one step and repeated to generate each
of the sequential points of the eigenfunction that corresponds
to its ordered eigenvalue associated eigenvector in the computa-
tion. In these studies, theψl, l ) 1, 2, or 3, ofM are plotted as
a function of theM lag-reduced sequence position.

Intuitively, CM scans for hydrophobic modes across a range
of autocovariance lengths from 1 toM, the range of the lags in
the autocovariance matrices. BecauseCM is real, symmetric (xij

) xij) and normal (CMCM
T ) CM

T CM), its {λi}i)1,...,M are real,
nonnegative and distinct, and its associatedXi(j) constitute a
natural bases for orthonormal projections onx1, x2, ...,xn.13 The
set of ψl can be regarded as orthonormally decomposed
sequences of eigenvector-weighted, moving average values.4

Whereas Broomhead and King were attempting to estimate
the intrinsic dimensionality of a chaotic signal through a precise
computation ofM3, we choose the value ofM empirically such
that the fit of the leading eigenfunction to the function resulting
from the asymptotic, iterative, nearest-neighbor smoothing of
the original hydrophobicity series minimizes least-squares

Figure 1. A dominant hydrophobic mode match is demonstrated by
theS(ω) of theψ2 of ERR (top) and theS(ω) of the 15-residue peptide
(bottom) that belongs to a small set of peptides that bind it that were
found by surveys of 18 phage-displayed peptide libraries.32 (See text.)

Figure 2. Multifrequency S(ω) of the calcineurin docking site on
NFAT,5 the nuclear factor of activated T-cells, (top row) and theS(ω)’s
of theψ1,2,3of calcineurin (second, third and fourth rows) demonstrate
correspondence among the modes. (See text.)
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error.30 This normalization procedure turned out to be particu-
larly helpful in our studies of G-protein coupled receptors with
high-amplitude, long-wavelength modes representing the seven
quasi-regularly spaced, highly hydrophobic transmembrane
segments. This component of the hydrophobic sequence’s signal
dominates both the smoothed function and the leading eigen-
function of the M × M matrix. It was also useful in
discriminating types of membrane channel proteins on the basis
of their primary sequences.38 Having “removed” much of the
highly hydrophobic transmembrane components as the leading
eigenfunction, the secondary eigenfunctions can then be studied
for otherwise hidden, potential hydrophobic peptide binding
modes. This and related problems can be approached by
investigating the all-poles power spectra of some or all of the
M eigenfunctions.

Whereas the choice of forming VVT would have produced a
large (N - M + 1) × (N - M + 1) matrix, from studies of
many ligand-receptor systems and the successful inverse
algorithmic peptide design experiments noted above, we have
found empirically (see below) that hydrophobically transformed
polypeptide and protein sequences may contain almost all the
required spectral information in the first few distinct eigen-
functions of the smallerM × M matrix. Viral proteins such as
the HIV’s viral coat may require as few as two.27

Three Examples of Functionally Relevant
Peptide-Protein Matches in Spectral Signature

1. About half of all breast cancers express the estrogen
receptor, ERR. Some anti-estrogens, such as tamoxifen, can
inhibit cancer cell growth by binding to ERR, changing its

Figure 3. S(ω)’s of theψ1,2,3 of the chaperone, GroEL (left column), evidence mode correspondences with theS(ω)’s of theψ2,3,4 of the enzyme,
â-lactamase for which it serves as a chaperone.41
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conformation (three-dimensional shape) and its associated
tumor-promoting sensitivity to estrogen. Escape from this anti-
cancer effect has been attributed to a spontaneous reversion of
the conformation of ERR. Peptides are being sought which might
bind ERR at some “away-from-the-active site” loop and either
prevent or reverse this putative conformational transition thus
preventing the emergence of resistance to tamoxifen. Using
randomly generated, very large phage-displayed peptide librar-
ies, peptides were found which bound ERR with high affinity.32

We use the methods described above as the analytic part of an
alternative technique to more efficiently find lead peptides that
might bind ERR, and apply them here in a comparison of the
hydrophobic modes of the peptides that were found using the
phage display technique with those of ERR. The discovery of
matching modes would contribute to the application of our
peptide design strategy for finding lead peptide compounds.
Though the peptides sought are short and receptors are several
hundred amino acids long, we have discovered that the all-poles
power spectra of the BK compositional eigenfunctions of the
receptors and spectra of the hydrophobic sequences of the
peptides that bind to them have dominant peaks located at
similar frequencies.

We calculated the power spectrum of these candidate 15
residue, ERR-targeted peptides32 directly via the all-poles
method. Our method for elucidating the power spectrum of the
519 amino acid long ERR receptor hydrophobicity sequence
was first to compute their compositional eigenfunctions,ψi(j),
as described above. We then calculated the all-poles power
specta on the first few of the resultingψi(j).

Figure 1 (top) displays the all poles power spectrum of the
secondary eigenfunction of the 519 residue ERR, which indicates
a dominant hydrophobic free energy wavelength of 8.3 amino
acids. The primary wavelength manifested by the power
spectrum of the indicated ERR peptide antagonist is a close
match at 8.2 amino acids, Figure 1 (bottom). Similar hydro-
phobic mode matches have been found in a number of
neurotransmitter and hormonal peptide-receptor systems.30,26

2. Nuclear transcription involving the nuclear factors of
activated T-cells, the NFAT family, are involved in im-
munological processes and are triggered by calcium mobilized
by cell surface membrane receptors. The message is mediated
by the calcium-activated protein, calcineurin with a catalytic
domain, calcineurin-R, which binds NFAT at its conserved,
“docking site”.5 Globally active and therefore toxic drugs, such
as cyclosporin, have been used to interfere with the calcineurin-
NFAT interactions. More specific and therefore less toxic
peptides are sought to replace these and similar agents using
affinity screening of randomly generated, large peptide libraries.1

Figure 2 represents the results of using our methods to elucidate
and compare the dominant hydrophobic modes in the calcineuri-
nin docking site on NFAT and those of calcineurin-R. These
results would lead naturally to the design of de novo peptides
with the potential for binding to this site and interfering with
the calcinureinin-NFAT interaction.

Figure 2 (top) is the power spectrum of the calcineurin
docking site on NFAT,1 which demonstrates leading hydropho-
bic spectral modes of 8.0, 3.4, and 2.32 aa wavelengths. Figure
2 (second, third, and fourth rows) display the power spectra of
calcineurin-R’s three leading eigenfunctions, with dominant
spectral modes similar to those of NFAT: 3.44, 7.9, and 2.28
aa.

3. GroEL, a heat shock protein,10 also known as chaperonin
60,16 binds many newly synthesized proteins and helps facilitate,
correct and/or maintain their optimal folded conformations by

their weak binding and release in an interative process that
prevents self-aggregation and/or semistable states in unproduc-
tive, conformational false minima.12 Binding of proteins by
chaperones usually involves the former in a partially unfolded,
“molten gobular” state, such that one-dimensional subsequences
are exposed for mutual recognition and binding. We have
previously reported hydrophobic mode matches in a system
involving chaperone-aided oligomeric protein assembly.28 Figure
3 (left) represents the power spectra of the leading three
hydrophobic free energy eigenfunctions of the chaperone,
GroEL, manifesting modes of 16.25, 4.53, and 2.11 aa wave-
lengths. Figure 3 (right) contains the power spectra of the
dominant modes of the second, third, and fourth leading
eigenfunction of an enzyme,â-lactamase, known to be bound
by and aided in finding its proper folded conformation by
GroEL.41 The wavelength modes ofâ-lactamase resemble those
of GroEL are found with 15.87, 4.33, and 2.07 aa. This suggests
that in this instance, the inversion of our analytic methods may
lead to the de novo design of relatively short peptide “chaper-
ones” for modulating physiological and/or correcting pathologi-
cal self-aggregation in the protein folding process.
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