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ABSTRACT Patterns in sequences of amino acid hydropho-
bic free energies predict secondary structures in proteins. In
protein folding, matches in hydrophobic free energy statistical
wavelengths appear to contribute to selective aggregation of
secondary structures in ‘‘hydrophobic zippers.’’ In a similar
setting, the use of Fourier analysis to characterize the dominant
statistical wavelengths of peptide ligands’ and receptor proteins’
hydrophobic modes to predict such matches has been limited by
the aliasing and end effects of short peptide lengths, as well as
the broad-band, mode multiplicity of many of their frequency
(power) spectra. In addition, the sequence locations of the
matching modes are lost in this transformation. We make new
use of three techniques to address these difficulties: (i) eigen-
function construction from the linear decomposition of the
lagged covariance matrices of the ligands and receptors as
hydrophobic free energy sequences; (ii) maximum entropy, com-
plex poles power spectra, which select the dominant modes of the
hydrophobic free energy sequences or their eigenfunctions; and
(iii) discrete, best bases, trigonometric wavelet transformations,
which confirm the dominant spectral frequencies of the eigen-
functions and locate them as (absolute valued) moduli in the
peptide or receptor sequence. The leading eigenfunction of the
covariance matrix of a transmembrane receptor sequence locates
the same transmembrane segments seen in n-block-averaged
hydropathy plots while leaving the remaining hydrophobic
modes unsmoothed and available for further analyses as sec-
ondary eigenfunctions. In these receptor eigenfunctions, we find
a set of statistical wavelength matches between peptide ligands
and their G-protein and tyrosine kinase coupled receptors,
ranging across examples from 13.10 amino acids in acid fibro-
blast growth factor to 2.18 residues in corticotropin releasing
factor. We find that the wavelet-located receptor modes in the
extracellular loops are compatible with studies of receptor chi-
meric exchanges and point mutations. A nonbinding cortico-
tropin-releasing factor receptor mutant is shown to have lost the
signatory mode common to the normal receptor and its ligand.
Hydrophobic free energy eigenfunctions and their transforma-
tions offer new quantitative physical homologies in database
searches for peptide-receptor matches.

The importance of the sequential arrangements of amino acid
side chain hydrophobicities in the determination of peptide and
protein secondary structures has been established knowledge in
protein biology and physics for many decades (1, 2). Determi-
nants of polypeptide interactions, such as those between peptide
segments in protein folding, are coded in the one-dimensional
sequence space of physical characteristics (3), most prominently
the hydrophobic free energies of their individual amino acids (4).
These chemical potentials have been approximated as relative

solubility in organic vs. aqueous solvents in which glycine 5 0 and
quantified as hydrophobic free energies in kcalymol (5, 6). The
hydrophobic attractive forces in newtons between hydrophobic
moieties as a function of surface area and radius of curvature are
measured by using techniques such as atomic force microscopy
(7) and are up to two orders of magnitude larger than those
predicted by van der Waals theory and extend spatially in a
slower-than-exponential decay to beyond 20 nanometers (8).
Complete substitution of hydrophobically equivalent amino acids
in peptides maintains and sometimes increments their peptide-
receptor mediated physiological potency (9, 10). Helical second-
ary structures of differing turn lengths can be designed with
sequences of amino acids of high and low hydrophobicities,
independent of the specific amino acids chosen within each
hydrophobicity class (11).

Secondary structures with matching hydrophobic amplitude
variational frequencies, such as in the b-strands of interleukin
1b, have been shown to bind together and initiate protein
folding (12) in a process called the ‘‘hydrophobic zipper’’ (13).
Two long, helical secondary structures with congruent hydro-
phobic frequencies bind to create the central ‘‘hydrophobic
knot’’ that stabilizes the structure of phospholipase A2 (14).
Recent studies of the binding of extracellular domains of
growth hormone receptor by polyclonal antibodies to ovine
growth hormone was shown to be related to common helical,
loop, andyor disordered secondary structure (15).

In earlier studies, we found that when the amino acid sequences
of neuropeptides and peptide hormones were transformed into
their individual hydrophobic free energies, functional families
demonstrated similarities in hydrophobic free energy power
spectral modes. We refer to the statistically dominant power
spectral (inverse frequency) wavelengths in amino acid residues
as h(v). Family members shared the same h(v), though differing
in their ordered amino acid content by as much as 60% (16, 17).
The range of h(v) included the well known h(v) 5 3.6 and h(v)
5 2.0 of the a-helix and b-strand, respectively (18), but many
others as well, ranging from the h(v) 5 13.10 amino acid residue
mode of acid fibroblast growth factor to the h(v) 5 2.18, which
dominates the hydrophobic free energy power spectrum of
corticotropin releasing factor.

The AIDS coat protein manifests a waxing and waning h(v) 5
7–9 [observed by sliding a 50 residue windowed Fourier transform
(19) along its sequence], which appears to be conserved across
many of its mutations (17). Fibroblast growth factor (FGF; at the
time, of unknown molecular mechanism) was predicted and
confirmed to have a regulatory influence on ribonuclease A, with
which it was found to share dominant hydrophobic modes (20).
The specific amino acid sequences of the calcitonins, the peptide
hormone family that regulates the rate of enzymatic bone catab-
olism, vary by '60% across species, but all are dominated by a
h(v) 5 3.6 (21). Our system of analysis demonstrates the expected
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hydrophobic mode invariance under translation and reflection that
has been studied experimentally in new peptide design by using
nucleotide complementation (22).

Among the difficulties encountered in our previous work is
that the usual Fourier, power spectral transformation is at best
a crude approximation when used on these short and irregular
data series with aliasing, end effects and broad-band multi-
modality. This study reports the results of the new use of three
consecutive linear decompositions and transformations, mak-
ing hydrophobic mode isolation and identification less ambig-
uous. Their successful application to examples from a peptide
and ligand receptor sequence databasei support the claim that
these peptide ligand modes are functionally relevant.

The component of the peptide-receptor ligand binding process
of interest here is the initial, long-range, faster-than-diffusive,
selective aggregation (‘‘hydrophobic zippering’’) of peptides with
extramembranous transmembrane receptor segments. This pro-
cess precedes their internalization and equilibrium charge or ionic
binding within the membrane (23–25). Inside the low dielectric
constant environment of the lipid membrane, amino acid side
chains with charged andyor ionic groups are protected from
charge-screening by the aqueous and ionic extramembranous
fluid, and dominate the binding mechanism. In contrast, hydro-
phobic mode matches in peptide ligand-receptor pairs are as-
sumed to play a significant role in the extramembranous, high
dielectric constant, charge-screened, aqueous portions of the
receptor sequences.

de Gennes’ work (26) on the statistical mechanics of con-
strained polymers and polymeric reptation and models of the
behavior of one-dimensional polymers with immobilized ends
making ‘‘trains’’ andyor ‘‘loops’’ on a surface or in a membrane
(27) predict that extramembranous ligand-receptor hydrophobic
mode aggregation would increase the local hydrophobic free
energy density above some critical threshold for internalization.
In the vicinity of the metastable boundaries between the in-
tramembranous and extramembranous portions of the receptor
sequence, this would favor the internalization of that ligand-
receptor segment into the membrane where charge and ion-
dependent equilibrium binding can occur more easily.

Construction of Hydrophobic Free Energy Sequences and
Their Eigenfunctions from Orthogonal Decompositions

Among the many amino acid hydrophobicity scales (28, 29), we
have consistently used the results of partitions in binary, aqueous-
organic solvents begun in the pioneering work of Edsall in the
1930s (5, 6). We chose this system because of its long history of
successful use and our finding that it had a statistically significant
correlation (R2 5 0.723, P 5 0.00475) with a measurable physical
property, amino acid partial specific volume (in mlygm) (30), in
the physiological circumstance for which we wish to make pre-
dictive inferences. Tanford and coworkers (31) demonstrated that
amino acid free energy relations were associated with aqueous
cavity surface area derived from these measures made by using
the aqueous partition. Our results are consonant with those
achieved with the currently more popular, but less physiological,
method of condensed vapor partition (32). This agreement in the
patterns of the hydropathy plots of the seven transmembrane
segments is seen, for example, in graphs of the very well studied
rhodopsin I (see Fig. 1, upper left).

To assign hydrophobic free energy values, Hi, to each amino
acid, Ai, of the peptide ligand and its transmembrane receptor, we
used the results of studies in which each amino acid’s H was
determined from its relative concentration at equilibrium in the
two phases of a binary solvent, and quantified as a free energy of
transfer, in kcalymol, from a nonpolar hydrocarbon solvent to
water at 37°C, with glycine 5 0 as a reference (5, 6). This results

in the following set of amino acid hydrophobic free energy
equivalents, Hi, in kcalymol: G, Q 5 0.0; S, T 5 0.07; N 5 0.09;
D 5 0.66; E 5 0.67; R 5 0.85; A, H 5 0.87; C 5 1.52; K 5 1.65;
M 5 1.67; V 5 1.87; L 5 2.17; Y 5 2.76; P 5 2.77; F 5 2.87; I 5
3.15; and W 5 3.77.

Let each amino acid sequence of length N, A1, A2, . . . , AN,
be represented by a sequence of hydrophobic free energy
values, H1, H2, . . . , HN, where Hi represents the hydrophobic
free energy of the amino acid Ai in the ith place in the amino
acid sequence, using the H values listed above.

From the lagged vectors, V1 5 (H1, H2, . . . , HM), V2 5 (H2,
H3, . . . , HM11), . . . , VN2M11 5 (HN2M11, HN2M12, . . . , HN),
with M ' 16, an M 3 M covariance matrix, CM, is formed in which
K 5 N 2 M 1 1 and N ranges along the receptor sequence lengths
from '400 to 1,200 residues. M is chosen to maximize the least
square fits of the first eigenfunctions (CT, Fig. 1 Right) with the
standard hydropathy plots (Fig. 1 Left) used to demonstrate the
(seven) transmembrane segments (32).
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We compute the eigenvalues, {ni}i51
M , and the associated eigen-

vectors, Xi(j), of CM, where i 51 . . . M labels the eigenvector, and
j 5 1 to M refers to the jth component of the eigenvector Xi(j).
The {ni}i51

M are ordered largest to smallest as are the correspond-
ing Xi(j). The ordered Xi(j) are then used as multiplicative
‘‘weights’’ to transform the H1, H2, . . . , HN into M statistically
weighted eigenfunctions, Ci(j), where i 5 1. . . M labels the
eigenvector and j 5 1. . . N 2 M indexes its jth component. The
Ci(j), for j 2 k 1 1 . 0, are given by

Ci~j! 5 O
k51

M

Xi~k!Hj2k11.

In effect, CM contains a scan for hydrophobic modes across a
range of covarianceycorrelation lengths from 1 to M. Because

iSwiss-Prot (1996) Protein Sequence Data Bank (Med. Biochem.
Department, University of Geneva, Switzerland), Release 32.5.

FIG. 1. (Left) Graphic results of asymptotically smoothing, 32 iterated
nearest neighbor averaging computations, the ‘‘hydropathy plots’’ of the
hydrophobic free energy series, Hi, of the amino acid sequences, Ai, of
rhodopsin I, the kappa and mu opioid, the corticotropin releasing factor,
and the cholecystokinin B seven-transmembrane receptors. (Right)
Graphs of the leading (transmembrane) eigenfunction, CT, of the same
Hi. Note that for the same Hi, the hydropathy plots and those of CT are
quite similar.
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CM is by definition real, symmetric, and normal, its {ni}i51
M are

real, nonnegative, and distinct, and its associated Xi(j) consti-
tute natural bases for orthonormal projections on H1, H2, . . . ,
HN. The set of Ci(j) are orthonormally decomposed sequences
of moving average values (33–35). We designate the leading
eigenfunction representing the transmembrane segments of
G-coupled receptor proteins as CT, the secondary eigenfunc-
tion containing the peptide receptor modes as CR, and the
leading peptide ligand eigenfunction as CL, when the peptide
is long enough to permit its construction.

Best Bases, Discrete Trigonometric Wavelet Transformation
of Hydrophobic Free Energy Eigenfunctions

Wavelet transformations of the receptor and ligand hydrophobic
free energy eigenfunctions generate wavelet graphs, W(CR) [ WR

and W(CL) [ WL. Wavelet transformation, W(a,b), consists of
decomposing the CR values into translated W(n)3W(n 2 b) and
scaled W(n)3 [W(n)ya] (scale is analogous to the inverse radian
frequency of a trigonometric function) versions of the mother
wavelet, w, a waveform with an average value of zero (ʃ2`

`

w(n)dn 5 0), of finite length, arbitrary regularity and symmetry,
and which is composed with data series, Hn51, Hn52, . . . , Hn5N, as

W~a, b! 5
1
Îa E

0

n

H~n!wSn 2 b
a Ddn.

For w we chose the family of windowed, Gaussian (the
dilate-location product bounded from below by finite Gaussian
variance), discrete sine transformations globally maximized
with respect to the trade-off in resolution between sequence
frequency (dilation, l) and location (translation, a)

wi,k~n! 5
2

Î2li
pi~n! sin F ~2k 1 1!

p

2li
~n 2 ai!G ,

in which pi(n) is a ‘‘partition-like’’ window function supported in
[ai 2 liy2, ai11 1 (li11)y2] such that Spi

2(n) 5 1. The wavelet plane
portrays discrete steps of dilation of the local trigonometric wave
graphed along the ordinate. The sequence location of these
windowed dilates is indicated along the abscissa.

‘‘Best basis’’ refers to optimization of the Heisenberg trade-off
between specifying the locations in the sequence vs. those in dilate
(wavelength) space, such that the ‘‘Shannon entropy of the
expansion,’’ a Pythagorian distance in a probability Hilbert-like
space between the chosen basis and the function, is minimized
(36). Discrete, rather than continuous wavelet techniques, allow
cutting smooth windows of differing lengths while preserving
orthogonality during pattern identification in W (37). The graphs
of the wavelet transformations of the receptor and ligand eigen-
functions, WR and WL, are represented as isopotential plots of
their interpolated moduli.

Maximum Entropy, Complex Poles Power Spectral
Transformation of Hydrophobic Free Energy Sequences
and Their Eigenfunctions

The CR and CL, as well as the undecomposed hydrophobicity
sequences, Hi, of the shorter peptide ligands, were transformed
into their dominant inverse hydrophobic frequencies, vi,

h~w! 5
s2

2p

1
u1 1 a1 exp(2iwi) 1 ... 1 ak exp(2ikwk11)u2,

by using maximum entropy, complex poles, power spectra:
h(v). The Fourier coefficients, ai, match a very small set of k
known autocorrelations, chosen so that the entropy of the
spectral estimate, H(v) 5 ʃln h(v)dv, is maximal. Beyond the
limited information of a small set of autocorrelation-matched
Fourier coefficients (38), the process is extended into a
Gaussian process such that H(v) is maximized (39). In these

studies k # 8 for receptor eigenfunctions of sequence lengths
of several hundred amino acids, to avoid ‘‘splitting’’ h(v) into
spurious modes. The minimum, k 5 2, was used for the
hydrophobic free energy sequences of the short peptide li-
gands.

h(v) is much like an autoregressive, maximum-likelihood
spectral estimate in that it is not model-dependent but is derived
directly from the data (40) and behaves like a filter that yields the
one or two leading complex poles of discrete hydrophobic vari-
ational frequency in undistorted form from hydrophobic free
energy sequences andyor their eigenfunctions.

Locating the TMH127 in G Protein-Coupled Receptor
Sequences by Using the Graphs of Their Leading Hydrophobic
Free Energy Transmembrane Eigenfunctions, CT

The locations of the transmembrane segments, TMH127, along
the sequences of the G protein-coupled receptors for hor-
mones, neurotransmitters, odorants, and light can be predicted
graphically with reasonable accuracy by using hydropathy plots
of the n-block averages of their amino acid sequences as
hydrophobic free energies (32, 41–43). The hydropathy plots
and the associated electron microscopic, electron diffraction
studies, and projection maps of bacteriorhodopsin and rho-
dopsin I are generic for the seven-transmembrane receptor
family and define four extracellular domains: the extracellular
N-terminal chain, the first extracellular loop called e1 between
TMH223, e2 between TMH425, and e3 between TMH627. The
top row of Fig. 1 compares the graphs of the 32 times iterated,
asymptotically smoothed, nearest neighbor averages (called an
hydropathy plot) (Left) and the leading, transmembrane, hy-
drophobic free energy eigenfunction, CT (Right) derived from
the Hi of rhodopsin I. The seven peaks characteristic of the G

FIG. 2. (A Left) Graph of the Hi of b-endorphin, the definitional
peptide ligand for the delta opioid receptor. (Right) Plot of its
maximum entropy, complex poles power spectrum indicating an h(v)
5 4.44 wavelength in amino acid residues. (B Upper Left) Graph of the
wavelet transform, WR 5 4.4, of the CR (Lower Left) of the delta opioid
receptor. A plot of the h(v) 5 4.43 of its extracellular, N-terminal Hi
(Upper Right) is identifiable in the isopotential plot of the WR (Upper
Left) and the global h(v) 5 4.44 of its CR is portrayed in its graph
(Lower Right).
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protein-coupled receptor family are easily recognizable. Struc-
tural analogies with rhodopsin proteins are made by comparing
the results of site mutagenic studies, chimeric exchanges, and
fluorescent emission spectroscopy of membrane loop binding
domains (23–25).

The second to fifth rows of Fig. 1 demonstrate the close
similarity between the paired graphs of hydropathy and the CT

values for the kappa and mu opioid, corticotropin releasing
factor, and cholecystokinin B seven transmembrane (TMH127)
receptors. In obtaining information about transmembrane struc-
tures, the hydropathy technique eliminates other mode structures
of the receptor sequence, whereas the extraction of CT leaves CR

intact, allowing further analyses for peptide ligand binding
mode(s).

Characterizing and Localizing the Dominant Hydrophobic
Modes of Peptide Ligand Hi Sequences and Their G
Protein-Coupled Receptor Eigenfunctions, CR

Fig. 2A Left is a graph of the hydrophobic free energy sequence
of Hi values of the delta opioid peptide ligand, b-endorphin. Fig.
2A Right shows its maximum entropy, complex poles power
spectrum, in which the dominant hydrophobic free energy inverse
frequency, h(v) 5 4.44 amino acids. The shortness of the
b-endorphin sequence, Hi, i 5 32, broadened the band of its
conventional power spectral transformation and included a larger
wavelength peak, but the selection of the leading poles k 5 2 in
the maximum entropy method minimizes these effects.

Fig. 2B Upper Left portrays the WR of the second leading,
b-endorphin-activating, delta opiate receptor eigenfunction, CR

(Lower Left). The h(v) 5 4.43 residues of the extracellular
N-terminal chain, Hi, i 5 1–72 (Upper Right) is clearly located in
the isopotential plot of the WR (Upper Left). The more opaque
isopotential densities in the modular graph of WR signify the
expression of the dominant dilate (wavelength) across larger
variations in hydrophobic free energies. For example, the broad

modular density on the left end of WR representing the N-
terminal extracellular portion of the delta opiate receptor’s CR

results from the dominant statistical wavelength expressed in both
relatively low average hydrophobic values, M, R, T, L, N, T, S, A,
M, D, G, T, and G 5 1.67, 0.85, 0.07, 2.17, 0.09, 0.07, 0.07, 0.87,
1.67, 0.66, 0.1, 0.07, and 0.1, respectively, and relatively higher
average hydrophobic values, I, L, T, A, C, F, L, S, L, L, I, and L 5
3.15, 2.17, 0.07, 0.87, 1.52, 2.87, 2.17, 0.07, 2.17, 2.17, 3.15, and
2.17, respectively. To the right of the N-terminal, extracellular
segment, WR also portrays modular peaks in sequence positions
roughly corresponding to the cytoplasmic loops, e1, e2, and e3 of
CR. The distributed character of this hydrophobic free energy
mode is consistent with the finding that h(v) 5 4.44 (Fig. 2B Right
Lower) when computed on the entire sequence of CR (Fig. 2B
Left Lower). The hydrophobic mode matches between b-
endorphin and the N-terminal domain, and the extracellular
loops of the delta opiate receptor are consistent with results of
site-directed mutagenesis studies performed on opiate receptors,
which suggest a ‘‘discriminatory role’’ for these receptor extra-
cellular loop-peptide ligand interactions (44). In addition, chi-
meric exchange experiments involving the delta opiate receptor
have suggested that e2 and e3 (and a portion of TMH527) are
required for opioid peptide ligand (45, 46) but not necessarily for
small molecule binding (47, 48).

Fig. 3 summarizes comparisons of the dominant hydrophobic
free energy modes of several representative peptide ligand-
receptor pairs. Each panel contains three subsections: (Left in
each) a graph of the discrete wavelet transformation, WR, of each
peptide receptor’s CR; (Upper Right in each) a graph of the
maximum entropy, complex poles power spectral transformation,
h(v), of the peptide ligand sequences as H9i values; and (Lower
Right in each) is the h(v) of the peptide receptor’s CR. The
dominant hydrophobic mode in the amino acid sequence of
dynorphin A, h(v) 5 3.46 residues, is relatively close to the global
h(v) 5 3.31 of the CR of the kappa opioid receptor. The peptide

FIG. 3. Summaries of the graphs of the discrete
wavelet transforms WR of each CR (Left of each
panel), the maximum entropy, complex poles power
spectra h(v) values of each peptide ligand (Upper
Right of each panel), and the h(v) of its receptor CR

(Lower Right of each panel) for a representative set of
peptide ligands and their G protein-coupled, trans-
membrane receptor sequences. The sequence lengths
along the abscissa of the WR plots (receptor length in
amino acid residues minus the lag of the autocovari-
ance matrix) are as follows: KAPPA OPIOID RE-
CEPTOR (REC). 5 362, MU OPIOID REC. 5 402,
ORPHAN OPIOID REC. 5 352, NEUROPEP-
TIDE-Y REC. 5 368; CRF-1 REC. 5 307, CRF-1
REC. MUTANT 5 307, SOMATOSTATIN-5 REC.
5 373, and BOMBESIN-3 REC. 5 486. See text for
details of each peptide-receptor match and the rele-
vant experiments in chimeric exchanges and point
mutations. Note particularly the top two panels on the
right that associate the loss of the peptide ligand-
matched dominant hydrophobic free energy receptor
mode in a nonbinding mutant receptor for ovine
corticotropin releasing factor.
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ligand does not manifest the h(v) 5 8.8 of the CR, which is also
seen as a set of distributed not necessarily receptor-related
wavelets modes of W > 8.88. The WR > 3.48, however, is shared
with dynorphin A and is particularly well localized in the e2 region
between TMH425, which chimeric exchange studies have shown to
be required for kappa receptor binding of the dynorphins (45, 46).

The dominant hydrophobic free energy wavelength, h(v) 5
3.02, of the CR of the mu opioid receptor evidences high
absolute-valued wavelet coefficients at WR > 2.96 in the
N-terminal region and more diffusely distributed in e2 and e3.
The results of these studies have varied from those suggesting
the importance of segments in the N-terminal region (49, 50),
to those pointing to e3 (47). The generic pentapeptide agonists
for the mu opioid receptor, the enkephalins, are too short, Ai,
i 5 1–5, to justify an analysis by even the high resolution,
maximum entropy, complex poles power spectra, as are the
recently discovered, very high affinity mu receptor ligands (the
endomorphins) with Ai, i 5 1–4 (51).

The CR of the orphan opioid receptor, OLR1 (52) (which
does not manifest high affinity, equilibrium binding of the
delta, kappa, or mu peptide opioid ligands, though it has a high
sequence homology with the opioid receptor family) and its
recently sequenced endogenous ligand (54), share a h(v) 5
2.99–3.09 dominant mode. Its WR > 3.13 manifests a well
localized density at the C-terminal end of the CR of the
receptor sequence; but of greater potential physiological sig-
nificance is the graphically diffuse mode, roughly correspond-
ing to e2, that OLR1 shares with the more densely marked e2
region in kappa opioid receptor’s WR, the extracellular loop
required for binding with the dynorphins (54).

The wavelet graph of the CR of the human neuropeptide Y’s
cloned Y1 receptor demonstrates several modular dilate densities
along the sequence of WR > 3.774 residue wavelength, which
correspond to the h(v) 5 3.63 of neuropeptide Y’s sequence of

Hi’s and the h(v) 5 3.77 of the peptide receptor’s CR. Site
mutagenic studies have suggested that extracellular loops e1, e2,
and e3 of the Y1 receptor are essential ligand binding domains
(55) and that alanine substitution for the amino acids in the region
of the latter significantly reduced binding of neuropeptide Y (56).

The top two right panels of Fig. 3 consist of graphic compar-
isons of the mode matches among the h(v) 5 2.18 of the
hydrophobic sequence of the ovine corticotropin releasing factor,
the h(v) 5 2.22 dominant mode of the CR, and the WR > 2.19 of
the normal corticotropin releasing factor 1 receptor. The h(v) 5
3.15 residue wavelength of the CR of the nonbinding, mutant
corticotropin releasing factor 1 receptor demonstrates a mis-
match with the normal ligand (57). Poor localization in the
putative e2 and e3 mode densities can be seen in the WR of the
mutant’s CR in comparison with that of the normal receptor.

Site mutagenesis and chimeric exchanges involving the recep-
tors of somatostatin 14 and somatostatin 28 (SOM-28) have
suggested that their third (58, 59) and sixth (60) transmembrane
segments as well as extracellular loops e2 and e3 (61) are important
in peptide ligand binding and functionality. The h(v) 5 2.90 of
the Hi of the peptide ligand corresponds to the h(v) 5 2.83
wavelength of CR of the somatostatin receptor 5, the receptor
with the greatest affinity for SOM-28. Although some regions of
the wavelet moduli are relatively indistinct across the sequence,
there is a well defined peak at WR > 2.86, in the general vicinity
of TM3 and e2. The receptor’s ‘‘hydrophobic pocket,’’ posited to
play an important role in somatostatin binding, has been located
in e3 (62), which is more diffusely localized in the graph of WR.

The WR graph of the CR of human bombesin-gastrin releasing
peptide receptor sequence suggests multiple distributed isoener-
getic modular peaks of average wavelength (dilate) WR > 5.714,
which corresponds to the h(v) 5 5.71 residues of the bombesin
peptide sequence, as well as the h(v) 5 5.60 of the receptor’s
eigenfunction, CR. Chimeric exchanges involving e3 or the car-
boxyl end of the bombesin receptor (note the variegated densities
on the right side of its WR graph) and the corresponding portion
of the M3 muscarinic cholinergic receptor eliminated ligand-
receptor internalization and recycling normally initiated by the
bombesin peptide ligand (63, 64). The modular densities in the
WR to the left of e3 may correspond to the second and third
intracellular loops composed of hydrophilic, charged (low hydro-
phobic valued) amino acid residues, which chimeric studies have
shown to be required for receptor coupling to phospholipase
C-dependent intracellular processes (65).

Characterizing and Localizing the Dominant Hydrophobic
Modes of Peptide Ligand Hi Sequences and Their Tyrosine
Kinase-Coupled Receptor Eigenfunctions, CR

The leading eigenfunction, not shown, of the 1,188 amino acid
precursor of epidermal growth factor (EGF, urogastrone) in Hi
was dominated by an average h(v) ' 53–54 residues, consistent
with its known composition of 53 amino acid EGF repeats. Fig.
4 (top row, Left) is a graph of the second (ligand) eigenfunction
of the EGF precursor, CL, for which h(v) 5 7.60 (Right, top row).
As is generally the case with peptide precursors, this mode also
dominated the maximum entropy, complex poles transformation
of the Hi9s of the 53 residue EGF peptide ligand itself. The
wavelet transformation of CL of the EGF precursor (Center, top
row) manifests two bands of dilates, WL > 7.40 and WL > 11.38,
hidden in the nonconvergent tail to the left side of the peak of the
EGF propeptide CL values h(v) 5 7.60. The CR of the extra-
cellular segment, i 5 1–335 residues, of the EGF receptor
sequence (Fig. 4 Left, second row) manifests a broad band h(v)5
7.60 (Right, second row) and a diffusely localized, average WR >
7.77 residues (Center, second row). The dominant wavelet mode
of transforming growth factor a (TGF-a), which binds to the
EGF receptor, is WL > 7.44 (data not shown), and demonstrates
a well-marked density in the sequence location of about Ai, i 5
83–120. EGFyTGF chimeric exchanges have shown this region to

FIG. 4. (Left) Plots of the leading ligand and receptor eigenfunc-
tions, CL, CR, of EGF and FGF. (Center) Corresponding graphs of
their wavelet transformations, WL, WR. (Right) Maximum entropy,
complex poles power spectra, h(v) values of their CL and CR. The
sequence positions along the abscissas of the WL and WR plots are n 2
18 of the indicated amino acid sequence lengths where n of the EGF
propeptide 5 1,188; extracellular EGF REC. 5 355; FGF 5 154;
extracellular FGF REC. 5 700.
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be required for the high affinity binding of TGF-a to the EGF
receptor (66).

Fig. 4 Left (third row) portrays the leading eigenfunction of
the Hi, i 5 1–154 sequence of acid fibroblast growth factor,
aFGF, its leading hydrophobic mode, h(v) 5 12.26 residues
(Right, third row) and its discrete, trigonometric wavelet
transformation (Center, third row) with WL > 12.50 residues
for the N-terminal densities. Studies have suggested that the
wavelet mode density at the N-terminal end of aFGF is
essential for cell nuclear localization (67) and, when given
intracerebrally, the induction of consummatory behavior in
rodents (68). The density at the N-terminal end of the WR of
the aFGF receptor has also been found to be essential for the
discriminative binding of basic FGF and aFGF (69). The CR

of the predominantly extracellular domain of the aFGF re-
ceptor (Left, fourth row) manifests a globally dominant h(v) 5
13.10 (Right, fourth row) and a WR > 12.61 residue band, on
average (Center, fourth row). The multiplicity and distributed
character of the isopotential densities in WR is consistent with
chimerical studies that indicate multiple Ig-like binding regions
distributed in the central portions of the extracellular aFGF
receptor sequence (70). In a pilot study of the eigenfunctions
of representative lambda, kappa, and gamma chains of the Ig
superfamily, we have found CR values with h(v) 5 12.5–13.7.

Technical Comments and Limitations

The eigenfunction construction technique used here (34, 35) is
derived from the singular value decomposition of autocovariance
matrices, which has been successfully applied to many discrete,
relatively short sample length biological data series including
neuronal interspike intervals, digitized electromyographic, and
brain wave potentials (71). Consistency is achieved across results,
as in our ligand-receptor families of mode matches, rather than
through the use of physiologically unrealistic sample lengths.
These approaches to physiological data often involve the partition
and representation of apparently continuous quantitative data by
a small discrete alphabet composing a finite set of data values (72,
73), quite like our use of the finite set of discrete values for amino
acid hydrophobic free energies used in these analyses. It should
also be noted that with respect to both the ligands and receptors,
we have found that hydrophobic free energy receptor eigenfunc-
tion modes from physiologically similar families vary around only
10 or so commonly found wavelengths, for example, h(v) of CR

' 2.1, 3.0, 3.6, 4.0, 4.4, 5.6, 7.5, 8, 10, and 13.0 amino acid residues
(16, 17).

In addition, we offer the caveat that we do not expect similarities
in hydrophobic mode distributions among ligands and receptors to
necessarily order relative binding affinities, discriminate between
agonist and antagonist influences, or predict subsets of the range
of biochemical and physiological actions differentially evoked by
members of a family of peptides.
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