Critical Reviewsin Biochemistry and Molecular Biology Downloaded from informahealthcare.com by 89.163.34.136 on 01/06/12
For personal use only.

Critical Reviews in Biochemistry and Molecular Biology, 30(4):275-349 (1995)

Prediction of Protein Structural Classes

Kuo-Chen Chou

Computer-Aided Drug Discovery, Upjohn Laboratories, Kalamazoo, Mi 49007-4940

Chun-Ting Zhang

Department of Physics, Tianjin University, Tianjin, China

Referes: Gerald D. Fasman, Graduate Dept. of Biochemistry, Brandeis University, Waltham, MA

ABSTRACT: A protein is usually classified into one of the following five struc-
tural classes: «, 8, @+ 8, a/8, and ¢ (irregular). The structural class of a protein
is correlated with its amino acid composition. However, given the amino acid
composition of a protein, how may one predict its structural class? Various efforts
have been made in addressing this problem. This review addresses the progress
in this field, with the focus on the state of the art, which is featured by a novel
prediction algorithm and a recently developed database. The novel algorithm is
characterized by a covariance matrix that takes into account the coupling effect
among different amino acid components of a protein. The new database was
established based on the requirement that the classes should have (1) as many
nonhomologous structures as possible, (2) good quality structure, and (3) typical
or distinguishable features for each of the structural classes concerned. The very
high success rate for both the training-set proteins and the testing-set proteins,
which has been further validated by a simulated analysis and a jackknife analysis,
indicates that it is possible to predict the structural class of a protein according to
its amino acid composition if an ideal and complete database can be established.
It also suggests that the overall fold of a protein is basically determined by its
amino acid composition.

KEY WORDS: overall fold, amino acid composition, coupling effect, Maha-
lanobis distance, seed-propagated sampling, jackknife analysis

1040-9238/95/$.50
© 1995 by CRC Press, Inc.

275

RIGHTS

i,



Critical Reviewsin Biochemistry and Molecular Biology Downloaded from informahealthcare.com by 89.163.34.136 on 01/06/12
For personal use only.

List of Symbols
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X,
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X,
Xa,

Xo+8.
Xe/8,

xi'

The component coefficient (Equation 10);

Mahalanobis distance (Equations 20 and 38);

Euclidian distance (Equation 8);

Hamming distance (Equation 5);

Minkowski's distance (Equation 9);

The accumulated probability of the ith component of the kth « protein
(Equation 41);

Number of simulated proteins for a given class;

Number of subsampling cycles (Equation 43);

A protein defined in a 19-D space (Equation 38);

The norm of a given protein set defined in a 19-D space (Equation 36);
The kth protein defined in a 19-D space (Equation 35);

The norm of an « protein subset defined in a 19-D space (Equation 39);
The norm of a B protein subset defined in a 19-D space (Equation 39);
The norm of an a + B protein subset defined in a 19-D space (Equation 39);
The norm of an /B protein subset defined in a 19-D space (Equation 39);
The norm of a ¢ (irregular) protein subset defined in a 19-D space
(Equation 39);

Covariance matrix defined in a 19-D space (Equation 37);

The average accuracy (Equation 7);

Covariance matrix defined in a 20-D space (Equation 21);

The element of the ith row and jth column in S (Equation 22);

A unitary matrix formed by eigenvectors (Equation 27);

The element of the ith row and jth column in U (Equation 27);

A 1 x 20 transformation matrix associated with eigenvectors, norms, and the
protein to be predicted (Equation 30);

The ith element of matrix Y (Equation 31);

A protein defined in a 20-D space (Equation 5);

The norm of a given protein set defined in a 20-D space (Equation 3);
The kth protein defined in a 20-D space (Equation 2);

The norm of an a-protein subset defined in a 20-D space (Equations 6
and 34);

The norm of a B-protein subset defined in a 20-D space (Equations 6
and 34);

The norm of an « + B protein subset defined in a 20-D space (Equations 6
and 34),

The norm of an «/ protein subset defined in a 20-D space (Equations 6
and 34);

The norm of a ¢ (irregular) protein subset defined in a 20-D space
(Equations 6 and 34);

The ith component of protein X (Equation 5);
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Xk.is The ith component of protein X; (Equation 2);

x,i(a), The ith component of the kth o protein (Equation 40);

x,:,,. (x), The ith component of a simulated protein generated based on the
kth o protein (Equation 43);

Xi The ith component of protein X (Equation 4);
0, The correlation angle (Equations 16 and 18);
Ai, The ith eigenvalue (Equation 25);

I1, The projection (Equation 16);

v, The ith eigenvector (Equation 25);

Vi j» The jth component of ¥; (Equation 25);

I. Introduction

The function of a protein is based on its structure. Knowledge of protein structure plays a
key role in molecular biology, cell biology, pharmacology, and medical science. However,
despite years of both experimental and theoretical study, the determination of protein structure
remains one of the most difficult problems.

Although X-ray crystallographic and nuclear magnetic resonance (NMR) techniques are
two powerful experimental tools, both require expensive equipment and take months or even
years to determine the structure of a single protein. Moreover, during the working process,
there may be some difficulties that cannot always be solved.

Current theoretical approaches to predicting the structure of a protein can be classified into
two categories. One is the free-energy minimization method, which is based on the empirical
atomic potentials (see, e.g., Scheraga, 1968, 1987; Weiner and Kollman, 1981; Levitt, 1983;
Gilson and Honig, 1988; McCammon et al., 1989; Mackay et al., 1989; Rogers, 1989; Chou
et al., 1990; Karplus and Shakhnovich, 1992). The other is the statistical method, which was
developed based on various statistical data extracted from structure-known proteins (see, e.g.,
Chou and Fasman, 1974, 1978; Lim, 1974; Garmier et al., 1978; Cid et al., 1982; Fasman,
1989; Orengo et al., 1994; Jones et al., 1994). Meanwhile, various physical theories of
protein structures at different levels have been proposed for understanding the mechanism
and patterns of protein folding, and for improving the prediction of protein structure as well
(Ptitsyn and Rashin, 1975; Ptitsyn and Finkelstein, 1979, 1980, 1989; Ptitsyn et al., 1985;
Finkelstein and Ptitsyn, 1987; Chothia and Finkelstein, 1990; Kuwajima et al., 1993; Kolinski
and Skolnick, 1994; Vieth et al., 1994; Mitchell et al., 1994; McDonald and Thornton, 1994).

Although one can in principle calculate the detailed atomic coordinates by means of the
free-energy minimization method, it is in practice very difficult to find the real global mini-
mum because of the computational time required to search the vast number of conformations
accessible to even a short polypeptide. Therefore, in most cases, the energy minimization
method was used merely to refine a protein structure determined by X-ray crystallographic
and NMR techniques, or to reveal the origin of the structural handedness in proteins (Chou
and Scheraga, 1982; Chou et al., 1983, 1989, 1990; Chou and Carlacci, 1991a). Although the
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simulated annealing approach is a powerful tool in overcoming the local minimum problem
(Kawai et al., 1989; Wilson and Cui, 1990; Chou and Carlacci, 1991b; Chou, 1992), using it
to predict the conformation of a protein is still impractical. Therefore, progress in predicting
the structure of a protein by ab initio energy calculation based only on its primary sequence
has been slower. An alternative strategy, the knowledge-based energy calculation approach,
which relies on known motifs or folds in sequences, looks more promising (Cohen and Kuntz,
1987; Carlaccietal., 1991; Chou, 1992; Jones et al., 1992; Wodak and Rooman, 1993; Fetrow
and Bryant, 1993). However, compared with the ab initio calculation, the knowledge-based
approach lacks the beauty of unification. Besides, there are not many proteins yet for which
one can obtain enough knowledge (input) to result in a successful prediction. On the other
hand, although the statistical method can only predict an outline of a structure, it has the
merit of simplicity and convenience in application, and hence has been widely applied by
biochemists. Besides, the results predicted by the statistical methods, although rough, may
be used to reduce the scope of searching conformational space or set good starting points
for the energy minimization method. Therefore, in determining the three-dimensional (3-D)
structure of a protein, the statistical method has played an important complementary role.

It is instructive to note that although the details of the 3-D structures of proteins are
extremely complicated and irregular, their overall folding patterns are surprisingly simple,
regular, and even strikingly beautiful from an aesthetic point of view (Finkelstein and Ptitsyn,
1987; Chou and Carlacci, 1991a). Proteins and the domains therein often have similar or
identical folding patterns even if they are quite different according to their sequences or
biochemical functions (Richardson, 1977, 1981; Ptitsyn and Finkelstein, 1980), suggesting
some physical limitation for the folding of protein (Finkelstein and Ptitsyn, 1987; Chou et
al., 1990). :

During the last decade, the prediction of protein structural classes by the statistical method
has become quite active due to the following reasons. The concept of structural class based on
the contents of secondary structures in a protein is very useful from both the experimental and
the theoretical points of view. The structural class of a protein presents an intuitive descrip-
tion of its overall fold, which can be directly determined by relatively simple spectroscopic
methods such as circular dichroism (CD) spectroscopy in the UV absorption range (Johnson,
1990; Perczel et al., 1991; Sreerama and Woody, 1994) and IR Raman spectroscopy (Bussian
and Sander, 1989). The restrictions of the structural class of a protein have a high impact
on its secondary and tertiary structure prediction. The accuracy of secondary structure pre-
diction from amino acid sequence can be significantly improved by incorporating the effect
of knowledge of structural class (Chou, P.Y., 1989; Deléage and Roux, 1987, 1989; Kneller
et al., 1990; Muggleton et al., 1992; Cohen et al., 1993). Knowledge of the structural class
may also be used to reduce the scope of searching conformational space during energy op-
timization, and provide useful information for a heuristic approach (e.g., Cohen and Kuntz,
1987; Carlacci et al., 1991) to find the tertiary structure of a protein. In addition to playing
an important role in improving the calculation of the hydrophobicity coefficients (Cid et al.,
1992), the structural class is related to various properties of a protein such as its location in
extra- or intracellular compartments, biological function (being an enzyme or not), or the
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existence of disulfide bonds (Nishikawa and Ooi, 1982; Nishikawa et al., 1983a, b). Another
important driving force for the progress in this regard has been the unprecedented increase in
the number of high-resolution protein structures (over 800 coordinate sets are available in the
latest version of the Brookhaven Protein Databank). Statistical analyses aimed at deriving
rules or fundamental principles of protein structural classes can now be based on more solid
ground than ever before. Various prediction methods have been proposed. This review dis-
cusses the progress of these methods, with a focus on the prospects in relation to the current
state of the art.

I1. Classification of Protein Structural Classes

Proteins of known structures are generally classified into one of the following five structural
classes: «, B, @ + B, a/B, and irregular proteins (Levitt and Chothia, 1976; Richardson
and Richardson, 1989). The classification is based on the percentage of secondary structure
components, although there is no unified quantitative criterion yet. Suppose the percentages of
a-helix and B-sheet in a protein are abbreviated by a and B, respectively. The classification
by Nakashima et al. (1986) was made according to the following criterion: «-proteins,
a >15%, B < 10%; B-proteins,a < 15%, B > 10%; o+ B-proteins, ¢ > 15%, B > 10% with
dominantly antiparallel 8-sheets; o/ B-proteins, @ > 15%, B > 10% with dominantly parallel
B-sheets; and ¢ (irregular)-proteins, @ < 15%, B < 10%. According to P.Y. Chou (1989),
however, proteins were classified as follows: a-proteins, @ > 45%, B < 5%; B-proteins,
a <5%, B >45%; a+ B-proteins, ¢ >30%, B >20% with dominantly antiparallel 8-sheets;
a/B-proteins, & > 30%, B > 20% with dominantly parallel S-sheets. The classification by
Nakashima et al. (1986) covered 135 proteins, of which 31 were a-, 34 8-, 27 a + 8-, 39
a/B-, and 4 ¢ -proteins. The classification by P.Y. Chou (1989) covered 64 proteins: 19 «-,
15 B-, 14 « + B-, and 16 a/ B-proteins, but no irregular proteins. Although the classification
by Nakashima et al. (1986) covers more proteins than those by P.Y. Chou (1989), the relevant
percentages set by them for a-proteins (@ > 15%) and B-proteins (8 > 10%) do notseem large
enough to reflect the real features of the two structural classes. In other words, a- or 8-protein
should have at least ¢ > 40% or 8 > 40%, respectively. Besides, no quantitative definition
whatsoever was given for the term “dominantly” mentioned in both of the two classification
methods, and this would certainly cause arbitrariness or ambiguity in discerning o« + B-
and «/B-proteins. For example, proteins with PDB codes OPHH, 1LDX, 2MDH, 2GPD,
2GRS, 4ADH, and 4LDH were classified by Nakashima et al. (1986) as the a/S-structural
class. However, an analysis of the secondary structure contents for these proteins indicates
that of their B-sheet component, the parallel sheets only occupy 25 to 50%. Obviously,
for these proteins, the parallel 8-sheet should not be interpreted as a “dominant” part over
its antiparallel counterpart. A similar problem has also been found for the «/8-proteins
classified by P.Y. Chou (1989).

In view of the above, a new classification has been proposed (Chou, 19952a) that catego-
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rizes proteins according to the following quantitative criterion:

a-proteins a >40%, B <5%,
B-proteins a <5%, B >40%,
a + B-proteins a>15%, B >15%
] with more than 60% antiparalle]l B-sheets, (D
o/ B-proteins a>15%, B>15% .
with more than 60% parallel B-sheets,
¢ (irregular)-proteins o <10%, B8 <10%

Based on the new criteria, 30 representative proteins have been selected for each of the four
regular structural classes, together with nine proteins for the irregular structural class. Most
of these representative proteins were selected from a list of protein chains with less than
25% sequence identity (Hobohm and Sander, 1994) in order to reduce the redundancy caused
by many homologous proteins in the Protein Data Bank. Additionally, the selection was
made from those proteins with a good quality of structural determination, as well as a typical
or distinguishable feature for classification. To provide an intuitive feeling, five Richardson
ribbon drawings are given in Figure 1 A-E, each representing one of the five structural classes.

For personal use only.

Figure 1A: The Richardson ribbon drawing to show a typical a-protein. The structure repre-
sents the A chain of cytochrome ¢’ (Finzel etal., 1985) with PDB code 2CCYA. See Equation 1
for the definition of «-proteins.
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Figure 1B: The Richardson ribbon drawing to show a typical B-protein. The structure repre-
sents a T-cell surface glycoprotein (Brady etal., 1995) with PDB code 1CID—. See Equation 1
for the definition of B-proteins.

The 4 x 30+9 = 129 representative proteins with their PDB codes, the ratios of secondary
structure components computed according to the dictionary by Kabsch and Sander (1983),
and their amino acid compositions are given in Appendix A, as these data are often requested
by readers and they are used as an important database in this article. (Note that a +5%
flexibility should be allowed for the criteria in Equation 1 owing to the errors in calculating
the secondary structure components.)

II1. A Summary of Existing Prediction Methods

The structural class of a protein is correlated with its amino acid composition (P.Y. Chou,
1980, 1989; Nakashima et al., 1986; Muskal and Kim, 1992; Mao et al., 1994). However,
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Figure 1C: The Richardson ribbon drawing to show a typical & + B-protein. The structure
represents a hydrolase (Loll and Lattman, 1989) with PDB code ISNC—. See Equation 1 for

the definition of « + B-proteins.

given the amino acid composition of a protein, how may one predict its structural class?
Various methods have been proposed to solve this problem, and they can be summarized as
follows.

A. The Least Hamming Distance Method (P.Y. Chou, 1980, 1989)

The premise of this method is that the similarity of any two protein molecules is reflected
through their Hamming distance, or city-block metric or Manhattan metric (Mardia et al,,
1979), as can be formulated as follows. Suppose there is a set of N proteins, each of which
corresponds to a vector or a point in the 20-D space,

Xk, 1

Xk.2
Xi=| . k=1,2,....N) ()

’

££,20

282

RIGHTS

i,



Critical Reviewsin Biochemistry and Molecular Biology Downloaded from informahealthcare.com by 89.163.34.136 on 01/06/12
For personal use only.

Figure 1D: The Richardson ribbon drawing to show a typical a/B8-protein. The structure
represents the A chain of triose phosphate isomerase (Banner et al, 1976) with PDB code
ITIMA. See Equation 1 for the definition of ¢/ S-proteins.

where x|, Xk2, - - . Xk 20 are the composition components of the 20 amino acids for the kth
protein Xy. The norm of the N proteins is defined by

X
— x2
X= . (3)
X20
where
| X
YM=— xi (i=12,...,20 (4)
Nk:l

Suppose X is a protein whose structural class is to be predicted. It can be either one of
the N proteins in Equation 2 or a protein outside of them. It also corresponds to a point
(x1, x2, ..., x20) in the 20-D space, where x; is the normalized occurrence-frequency of its
ith amino acid. The Hamming distance between the norm X and the protein X in the 20-D
space is defined by (Mardia et al., 1979)

20
dH(X, X) = Z |xi — X %
i=1
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Figure 1E: The Richardson ribbon drawing to show a typical {-protein. The structure rep-
resents the B chain of aspartate transferase (Honzatko et al., 1982) with PDB code 2ATCB.
See Equation 1 for the definition of {-proteins.

When the N proteins in Equation 3 are all a-proteins, X thus defined would become the norm
(standard point or vector) of an a-protein subset, denoted by X, and dH (X, X) will become
d"(X, X,), the Hamming distance between the protein X and the norm of the « protein
subset. Likewise, when the N proteins in Equation 3 are all 8-, @ + B-, @/8-, or {-proteins,
then the corresponding X will become the norm of the 8, a + B, /B, or { protein subset,
denoted by Xg, Xo+8, Xa/8, or X, respectively. The corresponding Hamming distance
dH (X, X) will become dH (X, Xp), dH(X, Xatp), d™(X, Xoyp), or d™ (X, X;), respectively.
When dH (X, 3(-“) (u =a, B, @+ B, a/B, or¢{)issmaller, meaning that protein X is closer
to the norm of the p-protein subset, and hence the likelihood of it belonging to the u-protein
subset is higher, and vice versa. Thus, protein X is predicted to be the structural class for
which the corresponding Hamming distance has the least value, as can be formulated as
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follows. Suppose

d¥(X, X,) = Min [d”(x, Xo), dH(X, Xp), dU(X, Xa4). dH(X, Xo/p), dH(X, x¢)]
(6)
where p can be «, B, @ + 8, a/B, or ¢, and the operator Min means taking the least one
among those in the parentheses. Then, the subscript . of Equation 6 will give the structural
class to which the predicted protein X should belong.
By means of the least Hamming distance algorithm, predictions were performed for the
64 proteins in the training set constructed by P.Y. Chou (1989). Of the 64 proteins, 19 are
a-, 15 B-, 14 a + B-, and 16 o/ B-proteins. The percentages of correct prediction were 16/19
(84.2%) for the a-proteins, 12/15 (80%) for the S-proteins, 11/14 (78.6%) for the o + B-
proteins, and 12/16 (75.0%) for the «/B-proteins. If the average accuracy is defined by the
percentage of the number of correct prediction events for all classes divided by the number
of total prediction events, i.e.,

Total number of correct prediction events
g = average accuracy = %

M

Total number of prediction events

we have the average accuracy g of 78.5% for predicting the 64 proteins by the least Hamming
distance method. Predictions were also made by P.Y. Chou (1989) for 12 testing proteins not
included in the training set; the percentage of correct prediction was 10/12 (83.3%).

B. The Least Euclidean Distance Method (Nakashima et al., 1986)

In this method, rather than Hamming distance, the Euclidean distance (Mardia et al., 1979) is
used as a scale to measure the similarity between two proteins molecules. Therefore, instead
of Equation 5 the following equation is adopted for predicting the structural class of a protein:

_ 20 1/2
a5 (X, X) = [Z Ix; — -fi—lz} ®)
=l

According to the report by Nakashima et al. (1986), predictions were performed for the 135
proteins in the training set constructed by them. Of the 135 proteins, 31 are a-, 34 §-, 27
a + B-,39 a/B-, and 4 ¢ -proteins. The percentages of correct prediction were 27/31 (87.1%)
for the a-proteins, 22/34 (64.7%) for the S-proteins, 10/27 (37.0%) for the « + B-proteins,
33/39 (84.6%) for the a/B-proteins, and 2/4 (50%) for the {-proteins, with an average ac-
curacy g of 69.6%. However, no predicted results were reported by them for any testing
proteins outside the training set.

Actually, both the Hamming distance and the Euclidean distance are special cases of the
Minkowski’s distance defined by (Mardia et al., 1979; Gower, 1985)

_ 20 lq
dMX,X) = [Z |xi — x’il"] ©)
i=1

When ¢ = 1, Equation 9 reduces to the Hamming distance of Equation 5; when ¢ = 2,
Equation 9 reduces to the Euclidean distance of Equation 8.
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C. The Discriminant Analysis Method (Klein, 1986; Klein and Delisi, 1986)

In this method, the multidimensional statistical technique of discriminant analysis was used to
assign a protein to one of the protein structural classes. Moreover, when the Klein and Delisi
method (1986) was used to perform prediction, in addition to the amino acid composition,
the regular variations in the hydrophobic values of residues along the amino acid sequence
was also used as the attribute. This is quite different in selecting parameters from the least
Hamming distance method (P.Y. Chou, 1980, 1989) and the least Euclidean distance method
(Nakashima et al., 1986), where the amino acid composition of a protein is the only input
in performing the prediction of its structural class. Predictions were performed for the 103
proteins in the training set constructed by Klein (1982). Of the 103 proteins, 29 are a-, 27
B-, 16 « + B-,26 /8-, and 5 { -proteins. According to his report, the percentages of correct
prediction were 20/29 (68.9%) for the a-proteins, 25/27 (92.6%) for the B-proteins, 10/16
(62.5%) for the « + B-proteins, 20/26 (76.9%) for the c/ B-proteins, and 5/5 (100%) for the
¢ -proteins, with an average accuracy g of 80/103 (77.7%). However, in the prediction by
Klein and Delisi (1986), the @ + 8- and o/ B-proteins were treated as one structural class, the
mixed class. The classification was made for 138 sequences, of which 66 was treated as the
training set and 72 as the testing set. According to their report, the average rate of correct
prediction was 110/138 (79.7%).

D. The Maximum Component Coefficient Method (Zhang and Chou, 1992a)

The maximum component coefficient method is also called the optimization method. Its basic
idea is that a protein denoted by a point (or vector) X in the 20-D amino acid composition
space can be decomposed into five components, each of which corresponds to one of the five
norms (or standard vectors) Xo, Xg, Xo+4, Xa/g. and X;; i,

X =CoXog +CpXg + CorpXarp + CoypXa/p + Cc X¢ (10)

where Cy, Cg, Ca+p, Cay, and C; are the five component coefficients, which should be
subject to the following constraints:

Ca+Cp+Catpt+Cop+Cr=1

(11)
0= Ca, Cp. Catpy Cayps C; =1

Equation 10 can also be written as
xi = CoXa,i + Cpxpi + CaypXasp,i + Cospxapi + Coxe i
(12)
(i=12,...,20)

where x;, xq.i, xg,i, . .. are the ith components of X, X4, Xg, .. ., respectively. Equation 12
contains a set of contradictory equations in which the number of equations is greater than
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that of the unknown variables. To solve these kinds of contradictory equations, the following
least-squares method was adopted.
Define an objective function Q by

Q(Cq, Cﬂ, Ca+ﬂs Ca/ﬁ, C(;) =

(13)
520, [xi = (Caxa,i + Cpxpi + CarpXa+pi + Casptasp,i + Crxe.i)]?

such that
Q(Cq, Cp, Cy48, Cayp, Cr) = minimum (14)

with the constrain imposed by Equation 11. It can be proved that the above optimization
problem possesses a unique solution (Rao, 1984). The solution can be easily obtained by
means of any existing numerical minimizer, such as the one provided in the IMSL LIBRARY
(Fortran subroutines for mathematics and statistics). Once the solutions for these component
coefficients are found, the predicted structural class for protein X is given by the subscript u
of the following equation: ’

Cll- = Max (Ca, Cﬂ, Ca+ﬂ, Cd/ﬂv C() (15)

where p can be «, 8, @ + B, «/8, or {, and the operator Max means taking the largest one
among those in the parentheses. The physical implication of Equation 15 can be illustrated
as follows. When, for example, u = «, i.e., Cy = Max(Cy, Cg, Co4p, Co/p, Cy¢), it
is obvious according to Equation 10 that the weight of the standard vector X, in X is the
largest, and so is the “ingredient” of the x-protein in the protein concerned." Therefore, the
predicted protein X should be assigned to the a-structural class. Predictions were performed
based on the training database consisting of the 64 proteins constructed by P.Y. Chou (1986).
According to the report by Zhang and Chou (1992a), the percentages of correct prediction
were 19/19 (100%) for the a-proteins, 12/15 (80.0%) for the B-proteins, 10/14 (71.4%) for
the a + B-proteins, 12/16 (75.0%) for the a/B-proteins, with an average accuracy of 53/64
(82.8%). However, no predicted results were reported by them for any testing proteins outside
the training set.

E. The Least Correlation Angle Method (Chou and Zhang, 1993)

The least correlation angle method is also called the maximum projection method. The
rationale of this method is self-evident, as can be seen by the fact that the correlation angle of
two identical vectors must be zero, which is also the case when their projection reaches the
maximum. Generally speaking, the larger the projection between two vectors, the smaller
their correlation angle, and the higher the similarity between the two vectors. The projections
of protein X with the norms (or standard vectors) Xy, Xg, Xo+8, Xa/g, and X, are defined
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by

M = XX = IXIXalcos(©))
I'I"f = X-Xg = |X||Xﬁ|cos(®"f)

} Mis = X-Xowpg = [Xl|Xasplcos(©F,4) (16)
My = X-Xop = IXIXayplcos(®F)
mf = X-X; = [X||X;|cos(®))

where ©F (Figure 2) is the correlation angle of the vector X with the standard vector Xy, ©
the correlation angle of the vector X with the standard vector Xg, and so forth.
According to the Cauchy-Schwartz-Buniakowsky inequality (Wylie and Barrell, 1982),

for any two arbitrary sets of numbers ay, a3, ..., an and by, by, ..., by, we have
2
(Zhiahe)’ < (Thaiad) (o)) (17
The equality holds if, and only if, the sequences aj, a3, ...,a, and by, bs, ..., b, are pro-
portional. Therefore, the correlation angles in Equation 16 can be expressed by:
X _ j=]Xita.i
Oa = arccos [ DRIETONE) n‘/ﬁ]
220 Xixg
X —_ iXB.i
®ﬁ = arccos{‘[zl 0D, x p:”m}
T xix
— j=1%i a+B.i
| Catp = arccos { (ER ANER 2, 7 (18)
T2 xixaspi
X = j=]XiXa/B.i
Oasp arecos [ (EZ U, Ly W7 ]
E — Ki Xy
@? — arccos { {[2221 ‘2][2‘20 bl ]}‘/2 }

The protein X is predicted to belong to the structural class for which the projection is the
largest, or according to trigonometry, the correlation angle is the smallest. In other words,
the predicted class for protein X is given by the subscript u of the following equation:

Gi"- = Min (@ @ﬂ, ®a+ﬂ' @é/ﬂ, @2-() (19)

where 1 can be «, 8, @ + B, or o/B, and the operator Min means taking the smallest one
among those in the parentheses.

The same training set of 64 proteins classified by P.Y. Chou (1986) was used for demon-
stration, and the results indicated that the rates of correct prediction for the a-, 8-, ¢ + 8-,
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Figure 2: Schematic illustration of the correlation angle between two vectors in a 20-D space.
The black single-line vector X represents the protein to be predicted, while the five shaded
double-line vectors Xy, Xg, Xa 48, Xa/8, and X; represents the norms of the five protein
structural classes (@, 8, @ + B, «/B, and ¢) 6 is the correlation angle between X, and
X. The correlation angles between X and the other four standard vectors can likewise be
illustrated, although they are not explicitly marked here.

and a/B-proteins were 18.5/19 (97.4%), 12/15 (80.0%), 10/14 (71.4%), and 13/16 (81.3%),
respectively, with a rate of 53.5/64 (83.6%) for the average accuracy. Predictions were also
made with this method for a testing set of 35 proteins of known X-ray structure not included
in the training set; the percentage of correct prediction was 32/35 (91.4%).

F. Other Methods

Recently, a number of other methods have emerged that basically can be categorized as three
different approaches.

One methods uses the computer-simulated neural networks, such as the methods proposed
by Dubchak et al.(1993), Metfessel et al.(1993), and Rost and Sander (1994). However, as
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pointed out recently by Eisenhaber et al. (1995), the prediction accuracy for the structural
class thus achieved is not better (and sometimes even lower) than the analytical methods.
Moreover, the computational costs for training the network is considerable, and it is sci-
entifically disappointing that no physical explanation for the possible prediction success is
afforded by the neural network technique.

The second method uses a different geometric approach, such as the weighted Euclidean
distance by Zhou et al., (1992), the average distance maps constructed from protein sequences
by Kikuchi (1993), and the elliptically scaled distance by Mao et al. (1994). By means of the
weighted Euclidean distance method or the elliptically scaled distance method, the prediction
accuracy for the training set data was remarkably improved. However, the prediction accuracy
of these methods for the testing set proteins are much lower than a simpler method, the
aforementioned least correlation angle method (Chou and Zhang, 1993).

The third approach uses fuzzy clustering to predict the structural class of a protein from
its amino acid composition (Zhang et al., 1995). Based on the concept of fuzzy mathematics,
each of the structural classes is described by a fuzzy cluster, and each protein is characterized
by its membership degree, a number between zero and one, in each of the clusters, with
the constraint that the sum of the membership degrees equals unity. A given protein is then
classified as belonging to the structural class corresponding to the fuzzy cluster with the
maximum membership degree. Calculation of membership degrees is carried out using the
fuzzy c-means algorithm developed by Bezdek (1981) on a training set of 64 proteins, the
same set used by P.Y. Chou (1989). Results obtained for both the training and testing sets
show that the fuzzy clustering approach produces results quite comparable to those obtained
by the previous methods. Because the application of fuzzy clustering is based on a new
branch of mathematics, it might be worthy of further investigation given its novel concept
and elegant formulation, although the results obtained thus far by this method do not seem
to be a remarkable improvement in raising the success rate of prediction.

IV. Prediction by the Components-Coupled Method

The components-coupled method is also called the least Mahalanobis distance method (Chou
and Zhang, 1994; Chou, 1995a). Much of this review is focused on this method not only
because the components-coupled method is a novel approach and bears a profound physical
implication, but also because it is much better than all the others according to the results
derived from a given training set or testing set, or according to those examined by various
statistic analyses (Chou and Zhang, 1994; Chou, 1995a).

A. Coupling Effect and Mahalanobis Distances

As can be seen, none of the methods mentioned in the last section has explicitly taken into
account the coupling effect among different amino acid components. Actually, in those
methods, the components of the 20 amino acids were each treated as an independent variable,
and the contribution owing to the coupling among the different components was completely

290

RIGHTS

i,



Critical Reviewsin Biochemistry and Molecular Biology Downloaded from informahealthcare.com by 89.163.34.136 on 01/06/12
For personal use only.

neglected. As an illustration, let us analyze the least Euclidean distance method. The merit
of Euclidean distance, which was used by Nakashima et al. (1986) as a scale for measuring
similarity (see Equation 8), is simple and intuitive. However, it also has the following
weaknesses. First, the 20-D composition space is generally not an orthogonal space. Is
it validated to extend the definition of Euclidean distance in a 3-D orthogonal space to a
20-D nonorthogonal space? Second, and more importantly, the coupling among different
components of the distance is completely neglected. This might be appropriate when the
problem considered is a pure geometrical one. However, when the distance is used as a
statistical scale to classify different sets of data according to the similarity principle, this kind
of effect becomes important (see Appendix B for an illustration). Actually, the scale used in
the least Euclidean distance method, like those used by the other methods mentioned in the last
section, is merely a zero-order approximation, and it will certainly set a barrier for increasing
the accuracy. Thus, the following questions are naturally raised. Through what avenue can
the coupling be effectively taken into account? How should the method be formulated to make
the quantitative calculation feasible? To deal with these problems, the Mahalanobis distance
(Mahalanobis, 1936; Pillai, 1985) has been introduced. As shown below, the introduction
of Mahalanobis distance enables one to take into account the interactions among different
amino acid components. Thus, the principle underlying the prediction method becomes: the
shorter the Mahalanobis distance between two protein molecules, the higher their similarity,
and hence the more likely they belong to the same structural class. Given below are a
brief introduction to the Mahalanobis distance, its difference from ordinary distances, and a
formulation of how to use it to predict the structural class of a protein.

According to the definition, the Mahalanobis distance, D(X, X), between the norm de-
fined by Equation 2 and any point X in the 20-D space is given by (Mahalanobis, 1936; Pillai,
1985)

D*X.X)=X-XTs"!x-X) (20)

where S is a covariance matrix given by

S1,10 S1,2 51,20
S2,1 §22 ot 8220

S= . S . 2N
520,1 §202 ‘' 520,20

the superscript T is the transposition operator, and S~! is the inverse matrix of S. The matrix
elements s;, j in Equation 21 are given by

N
sij =Y [ — %] [y - %], G =12 ...,20) 22)
k=1

Note that the distance defined by Equation 20 bears all the basic properties of a geometric dis-
tance. Suppose A, B, and C are any three points in the space where the Mahalanobis distance
is defined. It follows that (1) D(A, B) > 0, where an equal sign holds true only when A = B,
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(2) D(A, B) =D(B, A), and (3) D(A, B) + D(B, C) = D(A, C). However, being different
from the ordinary geometric distance, the Mahalanobis distance is unit independent, that is,
its value will not be changed by using different units of coordinates. When the nondiagonal
elements in the covariance matrix S are all zero, the distance defined by Equation 20 will
reduce to a weighted Euclidean distance, as used by Zhou et al. (1992) in studying the protein
structural class. Actually, S is a symmetric matrix whose nondiagonal elements are generally
not zero. It is these nondiagonal terms of the covariance matrix S that reflect the coupling
effect among different amino acid components and enable the Mahalanobis distance to be a
more appropriate scale in classifying statistical data, as illustrated by a simple example in
Appendix B. Actually, a similar treatment has also been used by other investigators (Dayhoff
and Eck, 1968; Henikoff and Henikoff, 1992; Miyazawa and Jernigan, 1993; Henikoff and
Henikoff, 1994) in developing methods for the alignment of protein sequences by using a
substitution matrix with scores for all possible exchanges of one amino acid with another.
Although the matrix elements introduced by them are different from those of the covariance
matrix defined here, they both reflect the importance of the coupling effect among different
amino acid components in studying the similarity of proteins.

B. Prediction in a 20-D space

1. Formulation

Because the amino acid composition must be normalized, that is, constrained by
20
Yoxmi=1 (k=12 ...N) (23)
i=1

it follows (see Equation 22) that

¥2,5,;=0 (=12 ..,20
(24)
Y2 5;=0 (j=1,2 ...,20)

Therefore, S defined by Equation 21 is a singular matrix, and its inverse matrix S~} must be
divergent and meaningless. To overcome the divergent difficulty of S™!, here let us provide
an eigenvalue-eigenvector approach that can be used to calculate the Mahalanobis distance
without the need to go through any inverse matrix. The procedure can be formulated as
follows. First, let us find the eigenvalues and eigenvectors of S by solving the equation

Vil
Vi )
SU; = A4¥; = A . i=1,2,...,20 (25)

Vi20
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where A; is the ith eigenvalue of S and W; the corresponding eigenvector. Because Equa-
tion 24, one of the 20 eigenvalues in Equation 25 must be zero, and its corresponding eigen-
vector must have equal components. Suppose such a particular eigenvalue and eigenvector
are represented by A and ¥ ; we thus have

A =0
(26)
Vii=vL1=...=%12 =‘/%

The eigenvector W, and the other 19 eigenvectors (whose eigenvalues are not zero) are
orthonormal, and can be used to construct a unitary matrix

Uil W12 e U120 Y1 Y21 - Yo
u21 22 - U220 V2 VY22 - Y02

U= i . ) = ) ) . ; (27)
u20,1 4202 - 420,20 V120 ¥220 -0 ¥2020

which has the property of U~! = UT, and hence we have

Al O -
Usu= (UTst) = a2 | A

O . (28)
Az0

D2X.X) =X-X)TuuTs-luuTx-X)

Accordingly, Equation 20 can be written as

- [(x - ')Z)TU] [UTs—'U] [UT(x - i)]

o _ @9
=[x -D] [vTs'u][UTx - )]
Ta-ly % o v2 %
=Y'A Y= ~ +Z,‘=2 X
where
y1 Yin Y12 oo Y120 (x1 —x1)
- A1 Y22 - Y220 (x2 —x7
y=| 7 |cvix-m=]| P V2 . (30)
Y20 V20,1 Y202 -+ ¥20,20 (x20 — X20)
or
yi=ZPi 0 -%), (=12 ...,20 (31)
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Note that it can be proved that A; = 0. Actually, according to Equation 30 and the
condition of normalization, it follows (see Equations 26 and 27) that

20 1
yi =Zwl.j(x.-—x—,-)=\/_2—;<1—1)so (32)
j=1

Therefore, Equation 31 can be reduced to

- 2
D’X,X) =¥¥, 3 (33)

It can be seen from Equation 32 that one can calculate the Mahalanobis distance without the
need to deal with any inverse matrix at all if using the new approach as proposed here.

Suppose that in a training set there are five subsets of proteins. Subset 1 contains only
a-proteins whose number is Ny; subsets 2, 3, 4, and 5 contain only 8-, @ + 8-, a/B-, and
¢ -proteins, respectively, whose numbers are Ng, Ny, No/g, and N;. Based on the data of
Nq-proteins in subset 1, the norm of a-proteins, Xy, can be calculated (see Equations 2 and 3).
Thus, the covariance matrix, Sy, for the o-proteins in subset 1 is defined, and its 19 nonzero
eigenvalues (i = 1, 2,...,19) and the corresponding eigenvectors W can be calculated
by Equation 25. Based on these data, as well as the amino acid composition of protein X,
the Mahalanobis distance D(X, X,) between protein X and the norm of a-proteins can be
calculated (see Equations 30 and 32). Similarly, the covariance matrices for the 8-, & + S-,
«/B-, and {-subsets, denoted by Sy, Sg, Sa+8, S/, and S;, respectively, can be defined.
A?H’ , )\7/ b , kf and the corresponding eigenvectors \I!fj , \Il;’ +h , \Vf'/ 4 ,
\Ilf can be calculated as well. Also, the Mahalanobis distances from protein X to the norms
of the 8-, a + B-, a/B-, and ¢ -proteins, denoted by D2(X, X3p), D?(X, Xo+8)s D*(X, Xa/8),
and D2(X, X;), respectively, can be obtained. Thus, protein X is predicted to belong to the
structural class for which the Mahalanobis distance is the least, which can be formulated as
follows. Suppose

Their eigenvalues kf’,

D*(X, X,) = Min [Dz(x, Xa), DX(X, Xp), D2(X, Xa+p). D2(X, Xa/p). D*(X, X;)l
(34)
where the subscript u can be o, 8, @ + 8, @/B, or ¢, and the operator Min means taking the
least one among those in the parentheses. The subscript 1 of Equation 34 will then give the
structural class to which the predicted protein X should belong.

In summary, the prediction can be performed according to the following stepwise proce-
dure:

1. Knowing the amino acid compositions of the database proteins and the unknown protein
whose structural class is to be ascertained, normalize their amino acid components by
dividing the number of each component amino acid by the total number of amino acids
in the protein (see Equations 1 and 23).

2. Calculate the standard points for the a-, 8-, & + 8-, /-, and { -proteins from the database
proteins (see Equations 3 and 4).
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3. Calculate the 20-row and 20-column covariance matrices Sy, Sg, S¢+ 4, Sq/g, and S¢, for
the a-, 8-, @ + B-, a/B-, and { -proteins, respectively, from the database proteins (see
Equations 21 and 22 and Appendix A).

4. Calculate the eigenvalues and eigenvectors by solving Equation 25. For each class, there
are 20 eigenvalues, of which one must be zero (see Equation 26) and can be left out
because it makes no contribution to the Mahalanobis distance (see Equation 32).

5. Calculate the Mahalanobis distance from the point of the unknown protein to each of the
above five standard points (see Equations 31 and 33).

6. The unknown protein is predicted to have the same structural class as the one to which the
Mahalanobis distance is the least (see Equation 34).

2. Results

Predictions with the above algorithm have been performed for two sets of proteins, the devel-
opment (or training) set and the testing set. The prediction for the former is a resubstitution
examination for checking the self-consistency of the algorithm, while that for the latter is
a cross-validation examination for checking its extrapolating effectiveness. A valid new
algorithm should give better results for both of these two aspects.

In this article, the 4 x 30 = 120 regular proteins in Appendix A are used as a training
database; the nine irregular proteins are left out because their number is too small to form
a good set of statistical data. Based on the data of the 30 representative « proteins the
norm X, and the covariance matrix S, have been calculated by Equations 3 and 4, and
Equations 21 and 22, respectively. According to Sy, the corresponding eigenvalues and
eigenvectors, AY and \IJ;" (i =1, 2,...,20), are calculated (see Equation 25). This can be
easily done by calling EIG20D, an eigen analysis subroutine. Similarly, based on the data
of the 30 representative 8-proteins, 30 representative a + B-proteins, and 30 representative
a/B-proteins, the corresponding norms, covariance matrices, eigenvalues, and eigenvectors
have been calculated. All these data thus obtained are given in Appendix C through which
the Mahalanobis distance between any protein to be predicted and the norm of the «-, 8-,
o + B-, or ¢/ B-protein set can be uniquely calculated (see Equation 33).

The Mahalanobis distance calculated between each of the norms of the four structural
classes and each of the 30 a-proteins, 30 8-proteins, 30 o + S-proteins, and 30 «/ S-proteins
is listed in Table 1.

To provide an intuitive feeling and facilitate the statistical analysis later, a 3-D histogram
illustrates the Mahalanobis distances for the 30 proteins in each of the four structural classes
(Figure 3).

As can be seen from Table 1A or Figure 3A, D2(P, Xo) has the least values for all
the proteins listed in Table 1A. Therefore, according to Equation 34, all 30 a-proteins are
correctly predicted to be of the -structural class. These results indicate that the rate of correct
prediction for the a-proteins is 100%. Tables 1B and C or Figure 3B and C indicate that the
rates of correct prediction for the 30 8- and 30 o + S-proteins are also 100%! Table 1D or
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Table 1A
Predicted Results? for the 30 «¢-Proteins in the Training Database by the
Component-Coupled Method

PDB code of the Mabhalanobis distance Predicted
30 « proteins? DX(X,Xy) D*(X,Xp) D*(X,Xa+s) D (X, Xu/p) structural class

1AVHA 0.51% 1.08 1.55 4.81 o

1BABB 0.46x% 5.64 2.29 6.72 @

1BRD- 0.91x 6.78 3.83 31.18 o
Y 1C5A- 0.91% 2.82 6.25 36.11 o
S 1CPCA 0.59% 111 3.12 3.41 «
= 1CPCL 0.51% 5.63 1.65 3.06 o
8 1ECO- 0.53% 2.74 4.65 9.10 o
3 1FCS- 0.21% 4.07 2.49 11.46 o
8 1FHA- 0.48x 3.70 731 11.81 P
8 IFIAB 0.63* 4.01 26.43 12.06 o
g 1HBG- 0.74% 5.84 4.11 7.48 o
S 1HDDC 0.87x 5.69 8.43 28.45 o
8 IHIGA 0.58% 2.76 2.46 4.54 o
g 1LE4- 0.81% 4.18 13.44 10.96 o
E ILIG- 0.79+ 5.58 9.44 4.61 o
E ILTSC 0.74% 3.99 4.34 6.87 o
§2 IMBC- 0.25% 5.22 2.61 . 1267 «
B8 IMBS- 0.42% 5.58 3.63 12.27 o
Bg IRPRA 0.78+ 4.36 9.24 8.21 o
2 ITROA 0.63% 3.74 10.24 9.01 a
55 IUTG- 0.89x 1.56 6.02 5.84 o
5 256BA 0.73x 6.53 2.52 3.65 o
P 2CCYA 0.73% 8.76 5.35 5.23 o
3 2LHI1- 0.71% 2.01 1.55 4.09 o
S 2LHB- 0.64% 5.62 2.85 5.76 o
= 2MHBA 0.73x 4.92 2.13 11.94 o
g 2MHBB 0.40x 4.45 5.25 11.47 o
5 2ZTAA 0.82+ 6.16 30.04 47.02 o
8 4MBA- 0.76x% 9.84 5.67 8.18 o
= 4MBN- 0.25% 522 2.61 12.67 o
g Rate of correct prediction = 30/30 = 100%
8 @ The prediction was performed based on Equation 34. The one with the least value of D2
3 (marked by *) is assumed to correspond to the structural class for the predicted protein.
5 b The PDB (Protein Data Bank) code is constituted by the first four characters according to

the Brookhaven National Laboratory, and the fifth character used here to indicate a specific
chain of a protein. If the fifth character is —, the corresponding protein has only one chain.
The amino acid compositions of the protein ézggins listed here are given in Appendix A.
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Table 1B
Predicted Results® for the 30 S-Proteins in the Training Database by the
Component-Coupled Method

PDB code of the Mahalanobis distance
30 B proteins? DX, X,) D*X.Xp) DI(X.Xat+g) D X Xu/p)

1ACX- 2.08 0.64% 5.63 7.97

1AYH- 20.08 0.65% 2.72 3.53

1CD8~ 2.40 0.66x% 3.02 4.46
g 1ICDTA 6.71 0.89% 8.54 92.68
S 1CID- 327 0.50% 7.09 7.06
< IDFNA 9.15 0.91x 16.47 '153.04
8 IHILA 4.01 0.26% 1.92 4.61
3 1HIVA 6.54 0.79% 6.38 23.29
8 1HLEB 12.42 0.92% 27.16 49.15
8 IMAMH 4.37 0.54x 3.41 4.71
‘g’ 1IMONA 11.41 0.87% 9.39 13.07
g 10MF- 6.52 0.57+ 1.71 5.69
8 IPHY- 2.79 0.63% 3.02 5.78
g IREIA 6.00 0.67% 4.91 8.61
E 1TEN- 2.60 0.73% 2.49 11.39
E 1TLK- 3.47 0.65% 3.32 7.94
§§' 1VAAB 4.65 0.65% 1.77 6.55
B3 2ALP- 7.74 0.59% 3.68 16.77
L 2AVIA 25.77 0.64% 6.14 2743
£2 2BPA2 1.09 0.53% 1.16 5.47
55 2HHRC 6.96 0.47x 1.20 5.11
5 2ILA- 0.96 0.71% 1.32 1.55
P 2LALA 4.89 0.43% 5.68 11.10
3 2SNV- 11.76 0.54x 2.03 3.67
S 3CD4A 5.38 0.69* 7.22 10.96
g 4GCR- 6.89 0.76x% 3.36 5.41
g 7APIB 11.01 0.85% 5.46 16.94
5 811B- 3.12 0.28x 5.16 3.28
8 8FABA 1.86 0.38% 4.61 8.33
= 8FABB 2.63 0.61% 1.49 1.70
: Rate of correct prediction = 30/30 = 100%
'&? 4 See footnote a to Table 1A.
B h See footnote b to Table 1B.
o
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Table 1C
Predicted Results? for the 30 ¢ + S-Proteins in the Training Database by the
Component-Coupled Method :

PDB code of the Mahalanobis distance

30« + B proteins”  DZ(X,Xy) DZ(X,Xp) D*(X.Xet8) DX, Xo/p)
1AAK- 4.31 8.77 0.79+ 13.19
1CTF- 2.45 5.38 0.76% 22.03
1DNKA 0.99 1.73 0.78+ 3.38
1EAF- 5.69 1.88 0.50% 2.30
1HSBA 10.95 1.91 0.71% 3.09
ILTSA 5.01 1.02 0.72x 2.97
ILTSD 3.37 2.33 0.79+ 10.91
INRCA 2.32 3.20 0.78+ 2.03
10VB- 2.14 0.64 0.38% 572
1POC- 7.85 3.33 0.67* 17.26
1PPN- 3.92 0.87 0.57% 8.24
1PRF- 2.37 0.79 0.69+ 2.83
1RND- 5.57 1.62 0.57% 21.79
ISNC- 1.87 2.04 0.41% 7.58
1TFG- 4.05 1.20 0.63* 33.41
1TGSI 6.22 5.61 0.92x 87.89
2ACHA 0.89 1.04 0.77% . 287
2ACT- 5.99 0.87 0.65+ 5.53
2BPAL 1.25 0.63 0.24x 2.31
2SNS- 2.67 2.42 0.47x 6.73
2SSI- 2.38 1.21 0.49+ 4.31
3IL8- 3.31 1.35 0.84% 19.27
3RUBS 3.67 1.06 0.75% 9.79
3SGBI 5.54 11.04 0.76% 68.52
3SICI 1.96 1.12 0.41% 4.49

4BLMA 0.92 2.05 0.57% 3.58
4TMS- 1.77 1.97 0.56% 3.94
8CATA 2.09 1.45 0.47* 2.96
9RNT- 9.58 2.99 0.87x 7.44
9RSAA 5.95 1.42 0.50% 21.73

Rate of correct prediction = 30/30 = 100%
4 See footnote a to Table 1A.
b See footnote b to Table 1A.
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Table 1D
Predicted Results® for the 30 «/8-Proteins in the Training Database by the
Component-Coupled Method

PDB code of the Mahalanobis distance Predicted
30 a/B proteins? D’X.X,) D*X,Xp) D*(X.Xo4g) DX, Xy/p) structural class

1ABA- 3.15 0.86 2.77 0.69x a/B

1CIS- 3.50 5.58 5.81 0.87x a/B

1CSEI 5.58 13.23 6.64 0.92x a/B
g 1CTC- 2.37 0.74 2.22 0.41x% a/B
S IDHR- 4.49 2.03 2.43 0.72+ a/B
< 1DRI- 2.47 2.09 5.06 0.79+ a/B
8 IETU- 1.43 2.36 2.18 0.83x a/B
3 1FX1- 1.93 1.18 1.47 0.83x% a/B
8 1GPB- 1.14 0.63 1.06 0.40% a/B
8 10FV- 2.60 2.17 334 0.78% a/B
P 1PAZ~ 1.45 1.21 2.91 0.59x a/B
8 1PFKA 1.66 1.56 4.05 0.81x a/p
8 1PGD 0.83 1.44 1.80 0.53« /B
S 1Q21 0.59 1.04 421 0.42% a/B
g 1S01- 2.14 2.42 2.51 0.46x /B
£ 1SBP- 1.84 2.02 0.85 0.49x a/B
gg‘ 1SBT- 2.33 233 3.19 0.44x% o/B
B8 ITIMA 1.21 1.53 1.06 0.70x a/B
EE 1TMD- 4.19 0.55 0.44% 0.68 a+ B
£2 ITREA 0.87 2.12 1.83 0.74% a/B
55 1ULA- 0.92 0.55 2.49 0.34% /B
s 1WSYB 0.69 1.09 279 0.61x% a/B
P 2HAD- 2.07 2.44 1.36 0.79% /B
3 2LIV- 0.82 1.23 0.95 0.41x o/
2 3GBP- 1.78 4.59 3.31 0.70x o/
2 4FXN- 5.27 5.42 6.95 0.79% a/B
z 5CPA- 2.37 0.74 2.22 0.41x a/B
5 5P21- 0.65 1.10 4.35 0.50* o/
8 8ABP- 0.99 1.90 0.95 0.70% a/B
= 8ATCA 0.70 1.25 1.55 0.66% a/B
% Rate of correct prediction = 29/30 = 96.7 %
8 4 See footnote a to Table 1A.
3 b See footnote b to Table 1A.
o
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Figure 3C: 3-D histogram showing the Mahalanobis distance from each of the 30 « + B-proteins in Table 1C to the norms
of @-, B-, @ + B-, and a/B-proteins, respectively. The 30 o + B
according to their order in Table 1C. See legend to Figure 3A fo

Rate=30/30=100%

30 a+f3 proteins

-proteins are arranged from left to right along the abscissa

r further explanation.
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Figure 3D indicates that, of the 30 «/B-proteins, 29 have the least values for D(P, 'Isa/,g),
and hence the rate of correct prediction for the o/ B-proteins is 29/30=96.7%.

As a cross-validation test, predictions were also performed for a set of 64 independent
testing proteins that were not included in the training database of the 4 x 30 proteins. The
64 testing proteins with their PDB codes as well as amino acid compositions are given in
Appendix D. The predicted results for these proteins by the current algorithm are given in
Table 2, which indicates that an average accuracy of 61/64 (95.3%) was obtained.

C. Prediction in a (20—1)-D Space
1. Formulation

Here, a different approach is described to overcome the divergence difficulty of the conver-
gence matrix S™! occurring in the Mahalanobis distance of Equation 20. It is shown from
Equation 23 that of the 20 amino acid components of a protein, only 19 are independent.
Therefore, by removing one of its 20 components, one can still uniquely represent a protein
by a point in a (20—1)-D or 19-D space. Suppose the 20 amino acids are alphabetically
ordered according to their single-letter code. If the last amino acid component is left out, the
19-D space will be based on the components of A,C,D,E,F, G, H,L K,L,M, N, P, Q, R,
S, T, V, and W. Once the 19-D space is established, the kth protein in a given protein set can

be expressed by
Xk, 1
Xk,2
= P, = . k=12,...N) 35)
c .
o . .
8 XE,19
T . . .
g where xi |, X2, ..., Xk, 19 are the same as in Equation 2. The only difference between Xj of
; Equation 2 and Py of Equation 35 is that the former contains the component xy 29, whereas
L

the latter does not. The norm of the protein set in the 19-D space is defined by

x|
— X2
P = ] (36)
x19
wherex; (i =1, 2, ..., 19) are the same as in Equation 3 except for X3¢, which is not a

part of Equation 36.
Accordingly, the covariance matrix S of Equation 21 would reduce to a 19 x 19 covariance
matrix given by
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Predicted Results by the Component-Coupled Algorithm for the 64 Testing Proteins
of Known X-Ray Structure Not Included in the Training Database

PDB? code of
64 proteins
1BBL-
IHBBA
1IFA-"
IMRRA
1PDE-
1PRCM
1SAS-
2TMVP
4CPV-
1AAIB
1ATX~
1COBA
1EGF-
1EST-
1GPS-
1HCC-
1IXA-
IMDAA
1PPFE
1R1A2
1SHFA
1TIE-
1TNFA
2ACHB
2CTX-
2ZMEV1
2PLV1
25S0DO
3RP2A
4SGBI
SNN9-
1ABH-
1BBPA
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Table 2

Mahalanobis distance

DU(X,X,) D'(X.Xp) DX(X.Xap) D’(X. Xasp)
2.20% 3.92 7.47 11.01
0.85x% 442 1.88 10.08
1.81% 2.54 4.69 3.05
0.53x% 0.71 0.63 0.74
3.27* 3.46 8.56 5.82
4.38x% 4.98 7.09 6.64
2.88x% 3.56 4.96 4.23
1.16% 2.09 2.10 17.05
2.83x% 6.87 5.94 11.33
5.18 3.23% 3.48 21.54
2433 4.38% 8.37 87.35
5.60 4.26% 4.80 8.81
17.08 2.66% 7.15 52.36
6.38 1.19* 5.43 10.94
16.34 5.82x 13.76 159.42
4.88 4.60* 5.25 14.19
15.95 7.70% 12.51 88.52
5.89 2.08= 2.75 4.70
3.89 2.13% 8.52 19.57
3.97 1.48% 2.29 4.83
7.87 0.65% 2.87 6.32
2.21 0.65% 1.80 3.76
4.44 1.24% 1.45 5.76
6.47 4.56% 9.92 83.51
9.91 3.68x 8.30 139.45
1.72 0.91=« 434 5.89
2.53 0.43x% 4.69 3.17
5.60 4.26% 4.80 8.81
1.28 0.87* 1.02 2.76
9.59 5.26x% 8.22 131.02
11.46 1.36% 1.45 18.05
1.97 1.68 1.06* 1.25
9.76 2.38 2.16x 14,57
305

Observed Predicted

type
o

DT ODOTDWOOTD DT O T T TTTTDTTTTHDTTTTHIHR KRR R R R R R

R
+
™

a+p

type

VDOV OO T TTTTDTTHDTTTHTTTHITTTH®R R R R R R R R R
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Table 2 (Continued.)

PDB* code of Mahalanobis distance Observed Predicted
64 proteins D?(X,X,) D*(X,Xp) D*(X,Xo+p) DX, Xu/p) type type
1BW4— 8.39 6.07 1.79 21.61 o+ B a+p
1COX- 3.72 1.21 0.64x% 1.32 o+ B o+ B
1DNKA 0.99 1.73 0.78% 3.38 a+p a+p
1GLAG 445 1.19 1.04% 1.55 o+ B a+B
IMS2A 1.56 2.31 0.84x 6.60 a+B a+B
10VOA 3.93 4.07 1.48% 56.49 a+B a+B
N 1POC- 7.85 3.34 0.67x% 17.26 a+B a+p
2 1PPBA 3.91 1.30 1.24x% 2.25 a+B o+ B
= 1SHAA 1.12 2.38 1.01% 5.04 a+ B a+B
5 1THO- 3.07 3.14 0.85* 2.73 @+ B o+ pB
g 1TRX- 3.32 3.09 1.00% 2.87 o+ B a+p
3 2AAA- 3.63 1.51 0.57% 2.71 a+B a+B
- 2PIA- 1.89 0.74% 0.74 7.33 o+ B B
2 2SN3- 7.91 9.13 2.46% 83.30 a+B a+p
g 2TAAA 2.70 0.73 0.60% 2.90 a+B a+p
g 3B5C- 3.72 5.78 1.83% 6.39 a+B a+p
= 3SC2A 422 0.75 0.60% 2.30 a+B  a+B
£ 35C2B 8.64 1.77 1.27% 3.70 a+B a+p
5 3TLN- 434 0.55 0.54% 2.05 a+p  a+p
s 4ENL- 0.42x 1.43 0.45 1.34 a+B ot
25 4INSB 6.22 21.61 3.86% 25.04. o+ B o+ B
%% 4RCRH 2.39 121 0.91% 278 a+B  a+p
§ = 1GPB- 1.14 0.63 1.06 0.41% o/ a/B
88 IMINA 2.90 1.61 1.18 0.64x a/B /B
3o INIPB 1.48 1.71 7.16 1.24x% a/B a/B
2 1SBP- 1.84 2.02 0.85 0.48x a/B a/B
ko 1WSYA 6.77 1.42 1.22% 1.94 /B o+ B¢
g 41CD- 1.15 1.34 1.37 0.89x o/B a/B
= TAATA 1.03 1.47 0.68 0.32x a/B a/B
5 9RUBB 2.20 0.93 0.80 0.79x a/B a/B
B 1GD10 2.01 1.18 2.65 0.79x a/B a/B
é Average rate of correct prediction = 61/64 = 95.3%
& ¢ See footnote a to Table 1A.
= b See footnote b to Table 1A.
§ ¢ Incorrect prediction.
@
3
.(::3‘
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where s;, ; is the same as in Equation 21, as defined by Equation 22. Thus, the Mahalanobis
distance D? between the norm P and any protein P(xj, x2, ..., x19) in the 19-D space is
defined by

D*®P,P)=P-PTQ '(P-P) (38)

where T is the transposition operator, and Q~!isthe inverse matrix of Q given by Equation 37.

A question may be posed. Will leaving out a different amino acid component, and hence
the Mahalanobis distance being defined in a different 19-D space, change the value of the
distance? The answer is no. Nevertheless, to prove this is by no means a trivial matter.
Those who wish to fully understand the details are referred to Appendix E, where a rigorous
mathematical proof is provided, because to the best of the authors’ knowledge no existing
mathematical theorems cover the problem.

Accordingly, the norms Xo, Xg, Xo+8, Xo/8, and X;, and the convergence matri-
ces Sy, Sg, Sa+8, Sa/p, and S; defined in the 20-D space should be replaced, respec-
tively, by Py, Pg, Py, Poyg, and Py and Qqu, Qp, Qu+p, Qu/p, and Q defined in
the 19-D space. Also, the Mahalanobis distances D?(X, Xa), D*(X, Xp), D*(X, Xq+5),
D?*(X, Xq/p), and D*(X, X, ) defined in the 20-D space should be replaced, respectively, by
D2(P, Py), D*(P, Pg), D*(P, Pyyp), D*(P, Py/p), and D*(P, P;) as defined in the 19-D
space.

Thus, instead of Equation 34, we now have

D*(P,P,) = Min {Dz(P, P,), D*(P, Pg), D2(P, Po1p), DX(P, Pyyp), D*(P, P;)]
(39)
where the subscript i gives the structural class to which the predicted protein P should belong.
In summary, the prediction can be performed according to the following stepwise proce-
dure:

1. Same as step 1 for the case of the 20-D space. Because the training data in Appendix A are
normalized to 100, this step can be easily done by simply dividing each of the values
by 100.

2. Eliminate one of the 20 normalized amino acid components, thereby defining a 19-D
space, and express the proteins as points in the 19-D space (see Equation 35).

3. Calculate the 19-D standard point (see Equation 36), and the 19 x 19 covariance matrix for
each of the structural classes concerned from the training database (see Equation 37).
For the 4 x 30 training database in Appendix A, these results are already contained
in Appendix C. How to select data from Appendix C depends on which amino acid
component is left out in forming the 19-D space, although the final results will be the
same regardless of which one is removed (see Appendix E).

4. Calculate the inverse matrix for each of the above 19 matrices. This can easily be done
by calling a subroutine DLINDS in the IMSL Library (Fortran Subroutines for Mathe-
matics and Sciences), and the results are given in Appendix F.
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5. Calculate the Mahalanobis distance from the point of the unknown protein to each of the
standard points (see Equation 38).

6. The unknown protein is predicted to have the same structural class as the one to which the
Mahalanobis distance is the least (see Equation 39),

2. Results

As expected, the results predicted by following the above steps for the 4 x 30 proteins in
the training set and 64 proteins in the testing set are exactly the same as those obtained by
the eigenvalue-eigenvector approach, as shown in Tables 1 and 2, respectively. Actually,
because the Mahalanobis distance defined in the 19-D space does not depend on which
component is removed from the amino acid composition space (see Appendix E), we must
have D2(P, Py) = D*(X, Xo), DX(P, Pg) = D*(X, Xp), D*(P, Payp) = D*(X, Xa+8),
and D2(P, Py/g) = D*(X, Xa/p)-

D. Comparison with Other Methods

To provide an overview, a summary of the predicted accuracies by the least Mahalanobis
distance for the 4 x 30 proteins in the training set is given in Table 3, together with the predicted
accuracies for the same database by the least Euclidean distance algorithm (Nakashima et
al., 1986) and the least Hamming distance algorithm (P.Y. Chou, 1980, 1989), respectively.
As shown in Table 3, the least Mahalanobis distance algorithm yields an average accuracy
of 99.2%, much higher than those obtained by the other methods. Prediction of the o + 8-
proteins by means of the ordinary geometric distances has been a big problem. As reported
by Nakashima et al. (1986), the rate of correct prediction for the « + B-class was only 37.0%
if calculated with their database. Nakashima et al. (1986) attributed the low accuracy to the
fact that the o + B-structural class had a more serious problem in distribution overlapping with
all the other structural classes. Even based on the current database, as shown by Table 3, the
rate of correct prediction for the o + B-class by either the least Hamming distance algorithm
(P.Y. Chou, 1989) or the least Euclidean distance algorithm (Nakashima et al., 1986) is still
smaller than 47%. However, by means of the Mahalanobis distance algorithm, the rate
of correct prediction for the o + B-proteins can reach 100%. Therefore, by taking into
account the coupling effect among different amino acid components, the errors caused by the
distribution-overlapping problem can be significantly improved.

To facilitate comparison, predictions have also been made by means of the least Ham-
ming distance algorithm (P.Y. Chou, 1980, 1989) and the least Euclidean distance algorithm
(Nakashima et al., 1986) for the 64 proteins in the testing set based on the same training
database. The average accuracies thus obtained are dramatically decreased to 34/64 (53.1%)
(Table 4) and 36/64 (56.3%) (Table 5), or about 42 and 39% lower than that obtained by the
least Mahalanobis distance algorithm (Table 2).

Therefore, the results obtained from the resubstitution examination and the cross-validation
examination indicate that the least Mahalanobis distance algorithm is much more accurate
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Table 3
Comparison of Various Prediction Algorithms for the 4 x 30 Training Database

Proteins

Rate of correct prediction Average accuracy?
Algorithm a-class B-class o + B-class  «/B-class
Component $=100% 3F=10% R=10% 2 =967% L8 = 99.2%
-coupled?
P. Y. Chou? H=700% %=733% £=467% X =867% & =69.2%
(1989)
Nakashima B=761% % =761% 1=361% % =867% T35 = 63.3%

et al.c (1986)
¢ Based on Mahalanobis distance (Equation 20).
b Based on Hamming distance (Equation 5).
¢ Based on Euclidean distance (Equation 8).
4 The average accuracy is the percentage of the number of correct prediction events for all
classes divided by the number of total prediction events (see Equation 7).

than the previous ones even when the tests are based on the same training and testing data.

V. Statistical Analysis

The development of prediction methods based on statistical theory generally consists of two
parts: the exploration of new algorithms and the improvement of the training database. For a
given prediction method, whatis an appropriate criterion to evaluate it? This is a very common
but quite subtle problem. In the protein literature, a prediction method is usually examined
by the predicted results for a training data set and testing data set, respectively. According to
the statistical terminology, the former is an examination by resubstitution, and the latter is an
examination by cross-validation. As shown above, with the resubstitution examination, the
structural class of each protein from a training set is predicted using the rules derived from
the same set. This gives a somewhat optimistic error estimate because the same proteins are
used to derive the prediction rules and to test themselves. Nevertheless, the resubstitution
examination is absolutely necessary because it reflects the self-consistency of a prediction
method, especially for its algorithm part. A prediction algorithm certainly cannot be deemed
a good one if its self-consistency is poor. In other words, the resubstitution examination is
necessary but not sufficient for evaluating a prediction method. As a complement, a cross-
validation examination for an independent testing data set is needed because it can reflect the
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Table 4

Predicted Results® by the Least Hamming Distance Algorithm for the 64 Testing
Proteins of Known X-Ray Structure Not Included in the Training Database

PDB? code of
64 proteins
IBBL-
IHBBA
1TFA-
IMRRA
IPDE-
IPRCM
1SAS-
2TMVP
4CPV-
1AAIB
1ATX-
1COBA
1EGF-
1EST-
1GPS-
1HCC-
1IXA-
IMDAA
1PPFE
1IR1A2
ISHFA
ITIE-
ITNFA
2ACHB
2CTX~
2MEV1
2PLV1
2S0DO
3RP2A
4SGBI
SNN9-
1ABH-
I1BBPA
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Hamming distance

dH(X, Xo) dN(X,Xp) dH(X, Xorp) dN(X, Xo/p)

0.42%
0.41%
0.45%
0.26%
0.58
048
0.32x
0.51
0.51=
0.49
0.77
0.52
0.76
0.56
0.85
0.68
0.84
043
0.52
0.37
043
0.34
0.32
0.92
0.72
048
041
0.52
0.39
0.75
0.52
0.32
0.52

0.63
0.49
0.48
0.29
0.64
0.45
0.33
0.35%
0.65
0.27«
0.59x
0.40
0.61
0.36%
0.78x%
0.55
0.69x%
0.47
0.52
0.24x
0.33%
0.29
0.32
0.75%
0.57=
0.18x
0.27
0.40
0.27
0.69
0.25%
0.29
0.47

0.56
0.45
0.50
0.28
0.61
0.45
0.33
0.39
0.60
0.32
0.62
041
0.60x
0.38
0.80
0.54%
0.73
0.42
0.49
0.25
0.35
0.27x%
0.27=%
0.83
0.60
0.28
0.26%
041
0.25
0.64x%
0.29
0.26
0.43%

310

0.48
0.47
0.53
0.26
0.51x%
0.40x
0.34
0.41
0.55
0.37
0.65
0.35x%
0.66
0.45
0.83

0.59

0.76
0.41x%
0.44%
0.29
0.39
0.28
0.28
0.82
0.64
0.35
0.33
0.35%
0.24%
0.68
0.39
0.23x%
0.45

Observed

type
o

DTV TTTHD TR THITHIETTHTHI™R R R R R R R R

R R
+ +
™ ™

Predicted
type
o
o
o
o
a/B*
afB*
o
ﬁ(.'

o
B
B
a/B¢
o+ B¢

o+ B¢
a/B¢
a/B¢

o+ B¢
o+ B¢

o+ B¢
/B¢
o/
a+ B¢

/B¢
o+ B
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PDB?’ code of
64 proteins
1BW4-~
1COX-
IDNKA
IGLAG
IMS2A
10VOA
1POC-
1PPBA
1SHAA
1THO-
1TRX-
2AAA-
2PIA-
2SN3-
2TAAA
3B5C-
3SC2A
3SC2B
3TLN-
4ENL-
4INSB
4RCRH
1GPB-
IMINA
INIPB
1SBP-
1IWSYA
41CD-
TAATA
9RUBB
1GD10
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Tab

le 4 (Continued.)
Hamming distance

dH(X,Xe) dH(X,Xp) dH(X Xarp) dHX, Xoyp)

0.55
0.36
0.37
0.28
0.44
0.61
0.48
0.30
0.33
0.34
0.35
0.50
0.36
0.72
0.46
0.36x
0.35
0.44
0.48
0.22
0.59
0.27
0.25
0.32
0.34
0.27
0.27*
0.29
0.21
0.29
0.27

0.45
0.24x%
0.33
0.29
0.30x*
0.48
0.37
0.27
0.26x%
0.44
0.45
0.27x
0.24
0.64
0.23x
0.39
0.29
0.36
0.35
0.33
0.61
0.34
0.29
0.28
0.40
0.31
0.36
0.33
0.21
0.33
0.38

0.42x%
0.26
0.28«
0.25
0.31
0.45x
0.36=%
0.25
0.27
0.40
0.41
0.30
0.23%
0.63%
0.25
0.37
0.23%
0.33%
0.35
0.26
0.59
0.28
0.25
0.26
0.33
0.23
0.33
0.26
0.15
0.28
0.28

0.46
0.24
0.30
0.17%
0.31
0.55
0.44
0.22%
0.37
0.33%
0.34x%
0.33
0.29
0.68
0.29
0.37
0.25
0.37
0.34x%
0.18x%
0.57*
0.21%
0.21x%
0.23x
0.24x%
0.17x
0.28
0.18x
0.14x
0.22x%
0.21=%

Observed Predicted

type
a+pB
o+ B
a+p
a+ B
a+ B
a+ B
a+ B
a+ B
a+ B
a+p
a+p
a+p
a+ B
a+ B
o+ B
o+ B
a+ B
a+p
a+p
a+ B
a+p
a+p
a/B
a/B
a/B
a/p
a/B
a/B
a/B
a/B
a/B

Average rate of correct prediction = 34/64 = 53.1%
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¢ The prediction was performed based on Equation 5. The one with the least value of at
(marked by *) is assumed to correspond to the structural class for the predicted protein.

b See footnote b to Table 1A.

¢ Incorrect prediction.

type
a+ B
B¢
a+ B
a/B*
ﬂC
a+pB
a+ B
a/B¢
ﬂC
a/B¢
a/B¢
B¢
a+p
a+ B¢
B
af
a+p
a+ B
a/B*
a/B¢
o/
a/B¢
a/B
a/B
o/
o/

a/p
a/p
a/p
a/B
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Table 5

Predicted Results® by the Least Euclidean Distance Algorithm for the 64 Testing
Proteins of Known X-Ray Structure Not Included in the Training Database

PDB?’ code of
64 proteins
IBBL-
1HBBA
1IFA-
IMRRA
1PDE-
1PRCM
1SAS-
2TMVP
4CPV-
1AAIB
1ATX~
1COBA
1EGF-
1EST-
1GPS-
1HCC-
1IXA-
IMDAA
1PPFE
IR1A2
1SHFA
1TIE-
1TNFA
2ACHB
2CTX-
2MEV1
2PLV1
2S0DO
3RP2A
4SGBI
SNNO9-
1ABH-
1BBPA
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Euclidean distance

dB(X,Xy) dE(X,Xp) dE(X, Xatp) dB(X, Xo/p)
0.12% 0.17 0.15 0.14
0.11% 0.15 0.13 0.13
0.12x 0.13 0.13 0.14
0.08 0.08 0.07« 0.08
0.15 0.17 0.16 0.14%
0.14 0.12 0.12 0.11%
0.10 0.11 0.10 0.09x
0.13 0.09x% 0.10 0.11
0.14x% 0.19 0.17 0.16
0.13 0.07x 0.08 0.09
0.22 0.17% 0.18 0.19
0.15 0.12 0.12 0.11=%
0.22 0.16x% 0.17 0.19
0.15 0.10% 0.11 0.11
0.26 0.23% 0.24 0.25
0.18 0.15 0.14x 0.15
0.24 0.20% 0.21 0.22
0.12 0.13 0.11 0.10=
0.15 0.14 0.13 0.12x%
0.11 0.06x 0.07 0.08
0.11 0.10 0.09% 0.10
0.10 0.08 0.07x 0.08
0.08 0.09 0.08x 0.09
0.23 0.19x% 0.20 0.21
0.23 0.17% 0.18 0.20
0.13 0.06% 0.08 0.10
0.12 0.07x 0.08 0.09
0.15 0.12 0.12 0.11%
0.10 0.07 0.07 0.06x%
0.23 0.20 0.19« 0.21
0.14 0.06x% 0.07 0.10
0.09 0.08 0.07 0.06=
0.15 0.12 0.11= 0.12
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type
o
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Predicted

type

o

o

o

o+ B¢

/B¢
o/B*
a/p¢

a + B¢

/B¢
a+p
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PDB?’ code of
64 proteins
1BW4—
1COX-
1DNKA
1GLAG
IMS2A
10VOA
1POC-
1PPBA
1ISHAA
1THO-
ITRX-
2AAA-
2PIA-
2SN3-
2TAAA
3B5C-
3SC2A
3SC2B
3TLN-
4ENL-
4INSB
4RCRH
1GPB-
IMINA
INIPB
1SBP-
IWSYA
41CD-
TAATA
9RUBB
1GD10
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Table 5 (Continued.)
Euclidean distance

dE(X,Xy) dE(X,Xp) dE(X, Xa4p) dE(X, Xqop)

0.14
0.10
0.11
0.08
0.12
0.17
0.14
0.09
0.09
0.10
0.10
0.13
0.10
0.20
0.12
0.10%
0.10
0.13
0.14
0.06
0.16
0.09
0.07
0.10
0.09
0.07
0.09
0.08
0.06
0.09
0.08

0.12
0.08
0.09
0.08
0.09
0.14
0.10=
0.08
0.07%
0.12
0.12
0.08x
0.08
0.18
0.07%
0.11
0.07
0.10
0.10
0.09
0.16
0.09
0.08
0.07
0.11
0.08
0.12
0.09
0.06
0.10
0.10

0.11%
0.07
0.08x%
0.06
0.08x%
0.13%
0.11
0.07=
0.08
0.10
0.11
0.09
0.07*
0.17=*
0.08
0.11
0.06%
0.09%
0.10
0.07
0.15%
0.08
0.07
0.07
0.09
0.06
0.10
0.07
0.05
0.08
0.08

0.12
0.06x
0.10
0.05%
0.09
0.16
0.13
0.08
0.10
0.09x%
0.09x%
0.09
0.08
0.19
0.08
0.11
0.07
0.10
0.09%
0.05%
0.16
0.07*
0.06%
0.06x%
0.06%
0.05x%
0.08x%
0.05%
0.04%
0.06x%
0.06x%

Observed Predicted

type
a+ B
a+ B
a+ B
a+p
a+ B
a+ B
a+ B
a+f
a+ B
a+ B
a+p
a+p
a+ B
o+ B
a+ B
o+ B
a+ B
a+ B
a+ B
a+ B
a+ B
a+ B
o/
a/p
a/p
a/B
a/p
/B
a/B
o/
a/p

Average rate of correct prediction = 36/64 = 56.3%
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4 The prediction was performed based on Equation 8. The one with the least value of dE
(marked by *) is assumed to correspond to the structural class for the predicted protein.

b See footnote b to Table 1A.

¢ Incorrect prediction.

type
o+ f
a/B*
a+p
a/p*
o+ B
a+p
ﬂ(.'
a+ B
ﬂC
o/
a/B¢
ﬁC
a+ B
o+ B
ﬂC
at
a+ B
a+p
a/B*
/B¢
a+ B
/B¢
a/B
«/p
a/p
o/B
a/B
o/
a/p
a/p
o/
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extrapolating effectiveness of a prediction method. This is important especially for checking
the representativeness of a training database: whether it contains sufficient information to
yield a high success rate in application. However, how to select the testing data set for the
cross-validation is a delicate problem. Also, the concept of cross-validation is worthy of
further clarification.

As is well known, the single-test-set analysis, subsampling, and jackknife analysis are the
three methods often used for cross-validation examination. According to the single-test-set
examination, the prediction rules are derived from the training set, and they are examined
by observing the predicted results for the proteins in the test set. However, the selection
of a testing set is quite arbitrary, and different selections might yield different results. For
example, outside the 64 proteins in his training set, P.Y. Chou (1989) selected 12 proteins
as a test set. The reported average rate of correct prediction by the least Hamming distance
algorithm for this test set was 83.3%. However, applying the same algorithm to another test
set of 35 proteins (Chou and Zhang, 1993) yielded an average rate of correct prediction of
only 74.3%. Which of these two accuracy rates should count more? Neither, obviously.
Furthermore, it should be realized that even if a comparison is made based on the same
database, the accountability of the results thus obtained could still be questionable. This is
because an algorithm, which gives the best predicted results for a testing set of proteins, does
not necessarily remain so when applied to another testing set of proteins. In other words,
the accuracy thus obtained lacks an objective criterion unless the data in the testing set are
sufficiently large. On the other hand, even if a testing protein is incorrectly predicted by an
algorithm, this would not necessarily mean that anything is wrong with the algorithm because
that protein might be just outside the frame of the structural classes defined by the limited
number of proteins in the current training database. A problem like this cannot be avoided
unless the training database has become an ideal one, that is, a statistically complete one
able to represent all the testing proteins concerned. Unfortunately, to date, there are only a
few hundred proteins whose 3-D structures have been determined. It is far too premature to
constitute a statistically complete training database and a sufficiently large testing database
based on the structure-known proteins.

Another approach for cross-validation is the subsampling analysis, according to which a
given database is divided into a training set and a testing set. However, the serious problem
is how to divide a whole set into a training set and a testing set. As shown below, the number
of possible divisions might be extremely large. Suppose a set of N proteins is divided into
a training set (with N proteins) and a testing set (with N proteins). The number of such
divisions is given by ((A,f}l*)'!%zz)!! =7 N-1c,2 !)! T When N = 120 and N; = 10, the number
of possible divisions would be ~ 1.16 x 10!*! This is an astronomical figure, too large for
any practical application. In practice, therefore, analyses could be carried out only for a very
small portion of possible divisions that was selected randomly or arbitrarily.

Compared with the single-set-test examination and subsampling analysis, the jackknife
test (Mardia et al., 1979) seems to be most reliable. With the jackknife test, also called the
leave-one-out test (Mardia et al., 1979; Klein, 1986), the structural class of each protein
is predicted by the rules derived using all other proteins except the one being predicted.
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However, when N, the number of proteins in a given set, is not large enough, the leave-one-
out test, in which each protein is in turn left out of the set, may result in a severe loss of
information. Under such a circumstance, the leave-one-out test cannot be utilized.

In view of this, it would be very helpful if a large number of simulated proteins with a
given structural class feature could be generated by Monte Carlo sampling. To accomplish
this, an effort was made based on the normal distribution assumption (Zhang and Chou,
1992b). However, one may raise the following question: why was a normal distribution,
but not a skewed Gaussian or some other unspecified distribution, used as the underlying
distribution? To avoid such an arbitrary assumption, a seed-propagated sampling method is
being developed to generate the simulated proteins based only on the experimental database
itself without introducing any predetermined assumption about the distribution function.

A. Seed-Propagated Sampling

The process of the seed-propagated sampling method can be illustrated as follows.

1. Sampling of «-Proteins

Suppose that a given «-class set contains N, proteins whose amino acid compositions are
expressed by {xg 1 (), x¢2(a), ..., xk20(c)}, where xi ; () is the occurrence frequency of
the ith amino acid of the kth a-protein (i =1, 2, ..., 20; k =1, 2, ..., Ny). Here, the
20 amino acids are numbered according to the alphabetic order of their single-letter codes:
A,C,D,EFGHILIKLMN,PQR,S,TV,W,and Y. The amino acid composition
of a protein must be normalized, and hence we have

iozlxk,;(a) =1, k=1,2, ..., No) (40)
i=
The accumulated probability distribution of the 20 amino acid frequencies for the kth a-
protein may be described by Fy 1, Fk 2, ..., and Fg 29, respectively, where
[ Fii(@) = xp1(@)
Fra(e) = xga1(e) + xk2(a)
Fe3@) = xg1(e) + xk2(a) + x¢,3()
! ... = ... (41)
Fri@ = Tioixj@
| Frao(@) = T2 xj(@) =1
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For convenience, let Fy o(a) = 0. Thus, the values in Equation 41 are uniquely defined by
the amino acid composition of the kth «-protein of the training database.
The Monte Carlo sampling procedures are illustrated by the following steps:

1. Randomly and uniformly choose a value of k in a set of integers (1, 2, ..., Ng). For
example, for the database used here, N, = 30, meaning that there are 30 proteins in
the «-protein training subset.

2. Generate a random number R uniformly distributed between 0 and 1. If
Fri-1(@) <R < F (@), G=12,...,20) 42)

the ith amino acid is drawn and counted once. If i = 1, A (alanine) will be counted
once; if i = 2, then C (cysteine) counted once, and so forth. This step is actually a
subsampling process.

3. Repeat the above subsampling Ns times, where Ng can be any large integer (N5 = 10*
in this study). It will generate a sampled a-protein whose amino acid composition is
given by

_ ngia)

i@ === (=12..20 (43)

where ny ;(«) is the total number of the ith amino acid being drawn, and Ny is the
number of the subsampling cycles as described in step 2.

The above steps constitute a Monte Carlo sampling cycle for generating a simulated
protein of the «-class according to the amino acid compositions derived directly from the «-
protein training set (see Appendix G for a further explanation of the rationale of the sampling
technique). Repeating steps 1 to 3 N* times will generate N* simulated «-proteins.

2. Sampling Proteins of All Other Classes

For the other structural class (i.e., 8-, @ 4 8-, or o/ B-proteins), by substituting the « of the
aforementioned steps with 8, ¢ 4+ 8, or o/, respectively, we can obtain the corresponding
formulations. The sampling process is completely parallel to the one for the a-proteins.

By following the above procedure, for a given training database of a-proteins, one can
generate any number of simulated proteins whose amino acid compositions are characterized
by the feature of an «-protein class as observed. The same is true for all the other structural
classes. It is instructive to associate such an approach with the “seed-propagated mechanism”
(Chou, 1993) or “bootstrap mechanism” (Efron, 1990) widely used in statistical mathematics.
In this sense, the a-, 8-, @ + B-, and «/B-proteins in the training database are the original
“seeds” for the -, B-, (@ +B)-, and (a/B)-classes, while the simulated proteins thus generated
are their propagated “progenies”. Individually speaking, as a consequence of “mutation”,
many simulated proteins may not be found at all in the original training database. Statistically
speaking, however, the amino acid compositions of the simulated proteins thus generated must
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“inherit” the essential characteristics of the “seed” proteins because they are derived from
them by the Monte Carlo sampling. This kind of treatment is quite useful, especially when
the experimental data are insufficiently sampled for complete statistics.

B. Simulated Accuracy

As demonstrated in a previous paper (Zhang and Chou, 1992b), when the number of simulated
proteins generated by Monte Carlo sampling for each class is greater than 3000, the rate of
correct prediction will gradually approach the so-called asymptotical limit. Under such a
circumstance, the errors due to statistical fluctuations can be omitted. Such an asymptotical
limit was defined as the simulated accuracy of prediction. Using the simulated accuracy
can eliminate the noise caused by a limited amount of data (Chou, 1995a), and hence more
accurately reflect the objective reality.

In view of this, 5000 simulated proteins were generated for each of the four regular
structural classes by the seed-propagated sampling based on the 4 x 30 proteins in the training
database (Appendix A). The number of subsampling cycles selected for each protein was
Ng = 10*. Forthese simulated proteins, predictions were performed by the least Mahalanobis
distance algorithm, the least Hamming distance algorithm (P.Y. Chou, 1980, 1989), and the
least Euclidean distance algorithm (Nakashima et al., 1986). The predicted results thus
obtained are given in Table 6, which shows that the average simulated accuracy by the least
Mahalanobis distance algorithm is 97.29%, significantly higher than those by the other two
algorithms.

A comparison of Tables 6 and Table 1 indicates that although the rates of correct prediction
by the least Mahalanobis distance algorithm for the 30 «-, 30 8-, and 30 « + B-proteins in the
training database are all the same (equal to 100%), those calculated from the corresponding
5000 simulated proteins are different: the accuracies for the «- and g ~classes are higher than
that of & +- B-class. Why is that? The answer can be found by analyzing Figure 3. As we can
see from Figure 1A, all 30 a-proteins have much shorter Mahalanobis distances to the norm
of their own class than to the norms of others, meaning that the distribution of a-proteins
in the composition space is relatively more concentrated, or with a more clear-cut “border”
defined according to the Mahalanobis distance. Under such a circumstance, the error of
statistical fluctuation due to a limited number of proteins is relatively smaller, and hence the
rate calculated directly from the training database is quite closer to its simulated accuracy.
The same is true for the case of B-proteins. However, the situation is quite different for the
a + B-proteins. As shown in Figure 3C, although all 30 « + B-proteins have the shortest
Mahalanobis distances to the norm of their own class, some of them are just slightly shorter
than their counterparts, meaning that, even measured according to the Mahalanobis distance,
the distribution of & + S-proteins in the composition space is not so clear-cut, or has a slightly
ambiguous “border”. The 100% rate of correct prediction obtained according to Figure 3C
for the o + B-proteins may be just a result of statistical errors due to a limited amount of
data, and it cannot, of course, be retained for a large amount of statistical data. For the case
of a/B-proteins, as can be seen from Figure 1D, this kind of ambiguity is even higher, and
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hence the statistical error for the rate thus obtained would be even greater.

A similar analysis can also be used to elucidate the results of Table 6 obtained by the least
Hamming distance method (P.Y. Chou, 1980, 1989) or the least Euclidean distance method
(Nakashima et al., 1986). However, when doing so, the corresponding ambiguity should be
defined according to the Hamming or Euclidean distance, respectively.

C. Jackknife Analysis

As mentioned above, the jackknife analysis is also called the leave-one-out test (Klein, 1986).
During the process of jackknife analysis, the training set is no longer closed but an opened
one, and a protein will in turn be removed from it as a testing sample. However, owing
to the definition of the covariance matrix (see Equation 37), in order to make a statisticélly
meaningful leave-one-out test for the least Mahalanobis distance method, the number of
proteins in each structural class should be relatively larger. Actually, the more the proteins
in each class, the less the loss of information during the leave-one-out test cycles. In view
of this, 40 simulated proteins were generated for each of the four structural classes by the
seed-propagated sampling based on the 4 x 30 proteins in the training database (Appendix
A). The number of subsampling cycles selected for each protein was N5 = 10*. For a
database of such 4 x 40 = 160 proteins, a leave-one-out test was performed. The average
rate of correct prediction by the least Mahalanobis distance algorithm is 85.0%, and those
by the least Hamming distance algorithm (P.Y. Chou, 1980, 1989) and the least Euclidean
distance algorithm (Nakashima et al., 1986) are 62.5 and 68.8%, respectively. Interestingly,
if the leave-one-out test is carried out for a database of 4 x 80 = 320 simulated proteins, the
average rate of correct prediction by the least Mahalanobis distance algorithm increases to
94.4% while those by the other two algorithms remain almost unvaried, fluctuating around 62
and 68%, respectively, with an amplitude of less than 1.5%. This indicates that the jackknife-
tested rate by the least Mahalanobis distance method is not only much higher than those tested
by the others, but the potential of increasing its rate by improving the database is also much
greater.

VI. Conclusions

Although the number of protein sequences is extremely large, the number of their folding
patterns is quite limited. This is due to the degenerate nature of the sequence-structure re-
lationship. It has been demonstrated by experimental mutagenesis studies (e.g., Sondek and
Shortle, 1990) that the overall fold of a protein is much more tolerant to sequence modi-
fications than previously suspected. Analyses of known 3-D structures have also revealed
structural similarity for proteins with very different sequences and functions (Farber and
Petsko, 1990; Kabsch et al., 1990). The recent studies by Muskal and Kim (1992) further
suggested that the structural class of a protein may basically depend on its amino acid com-
position. Actually, many attempts had been made to predict the structural class of a protein
based on its amino acid composition, but failed to reach the desired accuracy. Recently, a
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new prediction algorithm was developed that seems quite promising. The unique feature of
the new algorithm is that, instead of using the ordinary geometric distances such as Euclidean
distance and Minkowski’s distance, the Mahalanobis distance is used as a scale to measure
the similarity of two proteins in the amino acid composition space. The virtue of the Ma-
halanobis distance is that it incorporates the coupling of different amino acid components,
which distinguishes it from the previous algorithms. The high rates of correct prediction for
proteins in both training set and testing set, which have been further verified by the jackknife
analysis and simulated accuracy, imply that the new algorithm will become a reliable tool for
predicting the structural class of a protein if a statistically complete database for classifying
protein structure classes becomes available. How large will the desired database be? Ac-
cording to a recent estimation by Chothia (1992), the large majority of proteins come from
about 1000 families. If he is correct, the desired complete database should consist of about
1000 nonhomologous proteins.

The high rates of successful predictions also suggest (Chou, 1995b) that the overall fold of
a protein (e.g., the structural class) is basically determined by its overall sequence ingredients
(i.e., the amino acid composition).
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Appendix A

The amino acid composition of the 129 proteins of which 30 are a proteins, 30 B proteins, 30 a+f proteins, 30 o/B
proteins, and 9 irregular proteins. The data of each protein contain two lines: the 1st line successively indicates its length,
PDB code, the ratios of o, B, parallel p sheets, and antiparalle] sheets (see eq.1); and the 2nd line gives the frequencies of 20
amino acids according to the alphabetical order of the single amino acid letter code: ACDEFGHIKLMNPQRSTVWY. The
frequencies are normalized to 100. The fifth character in the PDB code indicates a specific chain of a protein; if it is -, meaning
the corresponding protsin has only one chain.

30 « proteins
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30 B proteins

107 1ACX- 0.00 0.44 0.00 1.00

18.69 3.74 4.67 0.93 4.67 12.15 0.93 0.93 0.93 3.7¢ 0.00 3.74 S5.61 3.74 0.93 14.02 9.35 8.41 0.00 2.80
214 IAYH- 0.02 0.48 0.00 1.00

5.61 0.93 S5.61 3.74 6.07 12.15 1.87 3.74 6.54 4.67 1.40 8.88 3.27 1.87 0.93 7.01 8.88 5.14 3.74 7.9¢
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6.14 2.63 3,51 4.39 8.77 6.14 0.88 0.88 3.51 13.16 0.88 4.39 6.14 4.39 6.14 11.40 6.14 5.26 1.75 3.51
60 1CDTA Q.00 0.45 0.00 1.00
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50 3SGBI 0.20 0.22 0.00 1.00
4.00 12.00 4.00 6.00 4.00 8.00
107 38ICI  0.15 0.36 0.00 1.00
14.95 3.74 4.67 4.67 2.80 10.28
256 4BLMA 0.36 0.19 0.00 1.00
10.16 0.00 9.38 7.42 2.73 5.47
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6.84 0.65 3.91 4.56 5.21 7.49
236 1DHR- 0.37 0.24 0.838 0.13
11.44 1.69 4.656 4.66 2.97 10.17
271 1DRI- 0.45 0.23 0.95 0.0S
13.65 0.00 7.75 4.06 2.58 8.86
177 1ETU~- 0.44 0.20 0.83 0.17
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147 1FX1- 0.29 0.22 0.88 0.12
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10.00 0.83 4.17 8.33 2.50 6.67
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309 1SBP- 0.45 0.17 0.60 0.40
10.36 0.00 8.41 6.15 3.88 6.80
275 1SBT- 0.30 0.18 0.60 0.40
13.45 0.00 4.00 1.45 1.09 12.00
247 1TIMA  0.43 0.17 1.00 0.00
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254 1TREA 0.44 0.15 1.00 0.00
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2.17
2.28
0.00
1.64
0.65

RIGHTS

6.42
5.16
4.96
2.80
1.47
8.13
6.00
2.80
2.34
4.43
4.02
8.65
4.84

3.45
3.03
9.52
6.19
1.27
1.11
3.95
3.40
4.37
4.73
3.33
3.44
2.56
5.26
3.27
3.88
3.64
1.62
4.53
1.97
3.11
2.86
3.55
3.78
2.62
2.17
6.19
5.42
1.97
2.58
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9 Irregular proteins

55 1AAF- 0.00 0.04 0.00 1.00
5.45 10.91 1.82 5.45 3.64 10.91 3.64 5.45 14.55 0.00 3.64 9.09 1.82 7.27 12.73 0.00 1.82 0.00 1.82 0.00
38 1ERP- 0.00 0.00 0.00 0.00
2.63 15.79 S5.26 10.53 2.63 7.89 2.63 0.00 2.63 10.53 2.63 7.89 10.53 7.89 0.00 S5.26 0.00 2.63 2.83 0.00
152 2ATCB  0.04 0.03 0.00 1.00
6.58 2.63 6.58 8.55 3.29 3.9%5 2.63 7.89 6.58 9.87 1.32 6.58 4.61 1.97 5.26 7.24 4.61 7.89 0.00 1.97
43 2BDS- 0.00 0.05 1.00 0.00
4.65 13.95 2.33 0.00 2.33 16.28 2.33 4.65 4.65 4.65 0.00 4.65 11.63 0.00 4.65 4.65 4.65 0.00 4.65 9.30

36 2BPA3  0.00 0.00 0.00 0.00
5.5¢ 0.00 0.00 ©0.00 2.78 22.22 ©0.00 0.00 16.67 5.56 0.00 0.00 8.33 8.33 16.67 2.78 2.78 2.78 2.78 2.78

36 2CBH- 0.00 0.08 1.00 0.00
2.78 11.11 0.00 0.00 0.00 16.67 2.78 2.78 0.00 5.56 0.00 2.78 §.56 11.11 0.00 11.11 11.11 5.56 0.00 11.11

58 2MEV4 0.07 0.00 0.00 0.00
8§.62 0.00 3.45 3.45 S$.17 8.62 0.00 5.17 1.72 10.34 1.72 15.52 5.17 5.17 0.00 13.79 3.45 3.45 0.00 S5.17

S0 4TGF- 0.00 0.08 1.00 0.00
8.00 12.00 8.00 4.00 8.00 6.00 10.00 0.00 2.00 6.00 0.00 2.00 4.00 4.00 4.00 6.00 4.00 10.00 0.00 2.00

170 9WGAA 0.09 0.09 0.00 1.00
5.88 18.82 2.94 2.35 1.76 23.53 1.18 1.18 4.12 2.35 1.18 5.88 3.53 5.88 2.35 8.24 2.35 0.5 1.76 4.12
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Appendix B

Here, a simple example is presented that illustrates the advantage of using Mahalanobis distance as a scale to
measure the similarity among a set of points. Suppose in a 2-D space there are ten points whose coordinates
in the Cartesian system (xj, x3) are

xy= 0907 1596 -0.808 -0.529 1.116 -0.585 -—-1.236 0.663 -0.278 -0.848
x;= 0.803 1467 —-0.978 -0.748 0.868 —-0.463 -0474 1.121 -0.267 -1.329
(B1)

The mean of the ten points is (see Equations 3 and 4)

«[2)-[:]

The covariance S is (see Equations 21 and 22)

S11 51,2 1 09 .
S= ~ (B3)
$2.1 $2.2 09 1

from which it follows that the inverse matrix of S is

1 1 -0.9

Sl — (B4)
0.19] 49 |

Given S™!, the normal distribution density is generally given by

1 -0.9
fx1,x2) =m°xl’|"z_x(lﬁ§[x' *2 ][ -09 1 :Hii; “

(B5)
=mexp[—bjl3-g(x12—l.8x|x2 +x%)} '

Now suppose we have two points A and B whose coordinates in the 2-D space are given by

(1]

and whose Euclidean distances to the central point X = (0, 0) are the same (i.e., both equal to 2). However,
according to Equation B35, the distribution densities at these two points are, respectively,

fA)= f(, 1)=0.216, f(B)= f(1, —1) =0.0000166 (B7)

indicating that from the viewpoint of classification, point A should be much closer to the central point (0,
0) than point B because the distribution density f(X) = f(0, 0) at the central point is the maximum. Such
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a fact cannot be reflected by their Euclidean distances to the central points, but can be well elucidated by
the Mahalanobis as follows. The Mahalanobis distance between point A and X is (see Equation 20)

s -[(1)- ([ )-(2)]

1 -0.9 1
= _ 0.2
[1 1]049[ —-09 1 ][ 1] 0.19

and

(B9)
= 1 | 1 —-0.9 1| _ 33
“[ - ]m -09 1 -1 |~ 0D
Therefore, the ratio of these two Mahalanobis distances is
D(B,X 3.8
( _) =, — =44 (B10)
D(A,X) 0.2

indicating that the Mahalanobis distance from B to X is more than four times that from A to X although
their corresponding Euclidean distances are the same. According to the Mahalanobis distance, point A is
much closer to the central point X than is point B, and hence the distribution density at point A is much
higher than that at B.

Therefore, in classifying a set of statistical data that generally belong to a normal distribution, it would
better reflect the essential aspect of the problem to use the Mahalanobis distance as a scale to measure the
similarity.
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Appendix C

The data of (1) norms, (2) the elements of covariance matrices, and (3) eigenvalues and ¢igenvectors derived
for a, B, a+P, and o/P structural classes from the training database of Appendix A.

(1) Norms of the four structural classs. The 20 components of each of the four norms in the 20-D space are normalized
to 100, and they are printed according to the alphabetical order of the single amino acid letter code.

A < D E r G [ I X L ) ] N P Q R [ T v [] Y
a class 11.06 0.97 S5.55 7.45 3.98 6.03 2.8¢ 4.02 8.59 11.27 2.55 3.92 2.73 4.32 4.50 5.63 4.53 5.97 1.04 2.94
B class 6.00 2.74 4.9¢ 4.97 4.98 7.59 1.41 5.05 6.12 7.11 1.32 5.13 5.49 4.24 4.04 8.08 7.67 §.70 1.53 4¢.34

a+f class 8.45 3.10 5.47 5.79 3.39 6.84 2.19 4.60 6.34 7.27 1.76 4.97 4.91 3.75 4.41 7T.10 6.3%8 6.84 1.32 4.72
a/f olase 9.48 1.03 €.49 6.33 3.65 8.60 2.13 6.11 6.32 7.66 2.20 4.31 4.09 4.04 3.8¢ 5.55 5.24 8.08 1.23 3.63

(2) The covariance matrices of the four structural classes.

= [s,{0)]

1 3 3 4 5 [ 7 ] ] 10 11 i2 13 14 15 16 17 18 19 20
1 783.06 5.9 4.9-257.7 71.1 200.6 -29.4 -40.1 -55.0-212.2 -4.8-106.9 78.4 -99.3-182.5 -0.) -61.5 -7.6 35.0-121.7
2 5.9 95.5 30.¢ 28.2 -33.4 -34.0 -34.6 24.1 26.6 -84.4 11.3 0.3 -7.6 10.5 8.7 -32.6 -2.7 -47.6 -18.9 53.9
3 4.9 30.6 152.3 -15.1 -4.1 -40.5 -7.§ 9.5 -19.0 -65.1 14.0 13.9 -13.0 =-3.6 -36.9 -4.4 37.7 -35.%5 -37.2 195.2
4 -257.7 28.2 -15.1 362.6-124.5-172.3 26.§ -13.8 146.5 127.6 -28.5 0.0 -64.4 74.5 164.2 -82.2 -70.9 -93.4 -14.2 6.6
5 71.1 -33.4 -4.1-124.5 165.5 53.3 23.9 30.8 -15.9-110.2 -29.1 6.4 34.0 -68.7 -92.4 68.3 17.9 32.6 17.0 -52.5
[ 200.6 -34.0 -40.5-172.3 53.3 209.1 70.5 -9.5 -%53.1 -6.1 -8.1 ~73.3 40.4-100.4-144.4 0.7 -18.8 105.0 25.6 -44.6
7 -29.4 -34.6 -7.6 26.6 23.9 70.5 230.9 -31.0 93.8 71.5 -57.0 -64.9 13.5 -83.9-111.2 -42.9 -6€0.9 51.9 3.2 -62.4
8 -40.1 24.1 9.5 ~-13.8 30.8 -9.5 -31.0 185.0 6.5-167.9 ~12.0 -25.6 -16.4 ~6.3 -16.6 48.6 46.4 -65.7 0.6 S53.2
9 -55.0 26.6 -19.0 146.5 -15.9 -53.1 93.8 6.5 426.3 -99.7 -24.3 -26.2 3.5 -40.0 -40.3-121.0-129.9 -12.5 -22.8 -43.3
10 -212.2 -84.4 -65.1 127.6-110.2 -6.1 71.S- 1‘7 9 -99.7 523.5 38.3 -17.6 -23.1 -17.8 79.0 -87.6 0.3 6€4.3 37.5 -50.5
11 -4.8 11.3 14.0 -28.5 -29.1 -8.1 -57.0 - 0 -24.3 38.3 88.2 12.0 11.6 22.3 -6.5 -27.8 25.0 -18.4 -9.6¢ 3.3
12 -106.9 0.3 13.9 0.0 6.4 -73.3 -64.9 -25 C ~26.2 -17.6 12.0 157.0 -27.0 81.5 62.7 24.6 -13.7 -18.1 -28.2 43.2
13 78.4 ~7.6 -13.0 ~64.4 34.0 40.4 13.5 -16.4 3.5 -23.1 11.6 -27.0 77.1 -59.9 -77.6 9.3 30.4 28.8 10.0 -47.9
14 -99.3 10.5 -3.6 74.5 -63.7-100.4 -83.9 -6.2 -40.0 -17.8 22.3 981.5 -59.9 211.1 157.5 -1.4 -3.6-119.8 -17.7 &S.0
15 -182.8 8.7 -36.9 164.2 -82.4-144.4-111.2 -16.6 -40.3 79.0 -6.5 62.7 -77.6 157.5 305.6 23.9 -19.5-120.8 -10.2 47.1
16 -0.3 -32.6 -4.4 -82.2 §8.3 0.7 -42.9 48.6-121.0 -87.6 -27.8 24.6 9.3 -1.4 23.9 185.7 59.3 -20.% -1.6 2.2
17 -€1.5 -2.7 37.7 <70.9 17.% -18.8 -60.9 46.4-129.9% 0.3 25.0 -13.7 30.4 -3.6 -19.5 59.3 150.5 -16.2 3.4 26.7
18 7.6 -47.6 -35.5 -93.4 32.6 105.0 51.9 -65.7 -12.5 64.3 -18.4 -18.1 28.8-119.8-120.8 -20.9 -16.2 287.0 18.9 -11.8
19 35.0 -18.9 -37.2 ~14.2 17.0 25.6 3.2 0.6 -22.8 37.5 -9.6 -28.2 10.0 -17.7 -10.2 -1.6 3.4 18.9 28.1 -18.7
20 -121.7 53.% 19.2 6.6 -52.5 -44.6 -62.4 S53.2 -43.3 -%0.8 3.3 43.2 -47.9 €5.0 47.1 2.2 26.7 -11.8 -18.7 132.9

S, =[s(p)]

1 2 3 4 H 6 7 ] 9 10 1 12 13 i 1 16 17 18 19 20
1 377.4 73.5 -9.4-116.9 -19.5 171.8 -18.3 -66.4-199.9 ~98.0 -79.0 -28.9 -80.3 -46.0 -15.4 88.8 47.2 16.0 -24.2 27.4
2 73.5 486.3 -78.8 -76.6-114.9 -7.7 ~46.8 54.0 -10.9 ~61.6§ 15.4 -87.0 -19.8 -51.8 159.7-154.6-125.7 ~72.5 19.3 100.3
3 9.4 -78.8 195.7 80.6 -20.3 11.6 14.) -0.2 -11.5 -27.8 -2.1 -38.0 -59.9 -46.1 -2.3 -74.1 30.0 -25.§ -3.2 66.7
4 -116.9 -76.6 80.6 205.0 19.8-109.5 26.8 25.3 €9.8 22.4 26.6 -16.5 24.7 -10.4 2.6 -78.3 -51.3 -19.1 6.5 -31.7
5 -19.5-114.9 -20.3 19.8 355.4 -85.4 82.0 29.7 -85.0 -26.1 -11.3 177.1 8S5.6 -76.1 7.2 -0.3-128.4 -73.3 -31.6 -84.8
[ 171.8 -7.7 11.6-109.5 -85.4 389.7 ~36.1 -44.4-170.9 -45.5 -52.0 ~39.5-166.6 -17.6 50.1 -19.2 7S.7 30.5 21.9 43.1
ki ~18.3 -46.8 14.3 26.8 82.0 -36.1 67.0 18.2 -30.9 -25.6¢ 13.4 38.1 22.8 -33.0 7.5 -2.0 -44.9 -29.8 2.6 -25.2
3 -66.4 54.0 -0.2 25.3 29.7 ~44.4 18.2 216.4 -3.3 14.4 -3.8 15.0 20.2 14.2 45.3-169.2 -26.6-118.1 3.6 -24.3
9 -199.9 -10.9 -11.5 69.8 -85.0-170.9 -30.9 -3.3 €07.3 52.9 102.7 53.3 78.3 =-3.7-141.7-111.9 -39.3 119.0 -27.4 -46.9
10 -98.0 -61.6 -27.8 22.4 -26.1 -45.5 -25.6¢ 14.4 52.9 203.7 -10.7 -21.6 7.1 76.1 7.5 31.5 -44.1 -0.2 -9.0 ~45.3
11 -79.0 -15.¢ -2.1 26.6 -11.3 -52.0 13.4 3.8 102.7 -10.7 73.7 8.2 34.7 -6.7 -31.9 -55.8 -35.6 39.2 -§.1 -19.1
12 -28.9 -87.0 -38.0 ~-16.5 177.1 -39.5 38.1 15.0 53.3 -21.¢ 8.2 219.3 3.7 -74.4 -73.8 -8.9 -29.0 9.4 -19.9 -86.5
13 -80.3 -19.8 -59.9 24.7 85.6-166.6 22.8 20.2 78.3 7.1 34.7 3.7 190.3 2.8 ~16.7 21.1 -87.8 3.3 -30.7 -33.7
14 -46.0 -51.8 -46.1 -10.4 -76.1 ~17.6 -33.0 14.2 -3.7 76.1 -6.7 -T4.4 2.8 216.4 -48.0 101.3 20.2 -3§.8 1.9 -10.4
15 -15.4 159.7 -2.3 2.6 7.2 50.1 7.5 45.3-141.7 7.5 -31.9 -73.8 -16.7 -48.0 286.2-106.5-138.1-138.4 21.1 125.5
16 $8.8-154.6 ~74.1 -78.3 =0.3 -19.2 -2.0-169.2-111.9 31.5 -55.8 -8.9 21.1 101.3-106.5 417.4 134.0 $7.2 -5.8 -64.9
17 47.2-125.7 30.0 -51.3-128.4 75.7 -44.9 =26.6 -39.3 -44.1 -35.6 -29.0 -87.8 20.2-138.1 134.0 384.9 81.3 42.7 -65.4
19 16.0 -72.5 -25.5 -19.1 -73.3 30.5 -29.8-118.1 119.0 -~0.2 39.2 9.4 3.3 -8. l-lJl 4 57.2 81.3 231.1 -14.7 -86.7
19 -24.2 19,3 -3.2 6.5 -31.6 21.9 2.6 3.6 -27.4 -9.0 =6.1 -19.9 -30.7 1.9 1.1 -5.8 42.7 -14.7 35.9 1.8
20 27.4 100.3 €6.7 -31.7 -84.8 43.1 -25.2 -24.) -46.9 -45.3 -19.1 -86.5 -32.7 -10.4 125 S -64.9 -65.4 -86.7 16.8 244.2

= [s, (a+P)]

1 2 3 4 S [ 7 ] 9 10 11 12 13 14 15 1¢ 17 18 19 20
1 546.8-148.8 17.9 30.9 -52.0 86.2 -44.5-120.6 21.2 60.8 0.1-100.7 -85.3 -67.2 -80.5 -€7.4 -46.1 217.7 -31.8-136.8
2 ~148.8 315.8 ~75.3 -17.3 ~41.7 =3.2 -0.7 -68.8 -20.3-114.9 -40.1 94.0 42.7 -37.2 ~-48.7 134.9 55.0 -3¢.5 -18.%5 30.2
3 17.9 ~75.3 106.8 -34.8 33.4 7.8 27.9 <=3.6 -64.7 41.8 $.8 -27.8 -8.4 -6.6 26.4 -24.3 -9.2 -2¢.6 17.7 -6.5
4 30.9 -17.3 -34.8 176.2 -30.5 -11.4 -24.2 0.5 167.8 33.0 -18.2 -49.0 -22.3 -37.3 -11.2 -95.7 ~-44.0 23.5 ~1.9 -43.%
S -52.0 ~41.7 33.4 -30.5 73.9 -47.4 27.5 14.5 -19.9 61.4 17.8 3.6 9.8 0.5 20.2 -0.7 -33.4 -37.1 3.3 -3.1
6 6.2 -3.2 7.8 -11.4 -47.4 299.2 -22.4 -73.1-109.7 -54.2 -66.0 -32.4 -14.6 -49.8 -43.5 -48.6 9.2 9.8 18.1 S¢.0
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7 -44.5 -0.7 27.9 -24.2 237.% -22.4 63.6 -34.3 ~11.3 ~0.2 12.8 -4.2 2.3 -0.) 20.3 -0.8 -5.5 -27.4 0.9 20.5
8 -120.6 -68.8 -3.6 0.5 14.5 -73.1 -34.3 201.2 45.5 26.5 12.¢ 1.5 -13.0 €3.4 40.2 -21.7 4.5 -90.8 14.2 0.3
9 1.2 -20.9 -64.7 167.8 -19.9-109.7 -11.3 45.5 462.7 85.5 1214 4108 -65.4 ~41.4 ~46.8-158.9 ~36.4 2.4 -40.8 ~94.¢
10 60.8-114.9 41.9 33.0 61.4 ~54.2 -~0.2 26.5 85.5 248.5 1.5 ~84.3 17.7 -46.9 15.6-136.1 -81.8 ~9.3 S.J -ll.l
11 0.1 -40.1 5.8 -18.2 17.8 -66.0 12.8 12.6 12.4 1.5 46.9 -3.4 0.7 22.4 14.3 -1.4 18.) -25.9 -2.8 8.3
12 -100.7 94.0 -27.8 -49.0 3.6 -32.4 -~4.2 1.5 -€1.8 -84.3 3.4 12413 9.4 9.6 -19.7 108.5 23.1 _52.4 -17.3 595
13 ~85.3 42.7 -8.4 -23.3 9.8 -14.6 2.3 -13.0 -65.4 17.7 0.7 9.4 104.7 8.5 34.9 4.7 -18.7 ~17.8 11.8 -1-3
14 -67.2 -37.2 -6.6 -27.3 015 <49.8 ~0.3 63.4 -41.4 -46.9 2214 9.6 8.5 91.3 40.8 10.9 19.2 (0.4 15.5 303
15 -80.5 4817 2614 -11.2 20.2 ~43.5 20.3 40.2 -46.8 156 14.) -19.7 34.9 40.8 112.¢ -26.5 <31.4 —43.3 17.5 9.8
16 «67.4 134.9 -24.3 -95.7 -0.7 ~-48.6 -0.8 -21.7-158.9-126.1 ~1.4 108.5 4.7 10.9 -26.5 242.7 S1.6¢ -3.8 -2¢.3 l‘:7
17 -46.1 55.0 -9.2 -44.0--33.4 9.2 -515 4.5 -36.4 -81.8 18.3 23.1 -18.7 19.2 -31.4 51.6 166.3 -12.7 -16.1 29
13 217.7 ~36.5 -24.6 23.5 =37.1 99.8 -27.4 -80.8 -42.4 =-8.3 -25.9 -52.4 -17.8 -40.4 -43.3 -3.8 -12.7 170.5 -11.2 ~i7.0
19 -31.8 -18.5 17.7 -1.9 3.3 18.1 0.9 14.2 -40.8 5.3 -2.5 -17.9 11.5 19.5 17.5 -24.3 -16.1 -11.2 31.9 24.8
20 -136.8 30.2 -6.5 -43.9 3.1 56.0 20.5 0.3 -54.6 -81.1 -8.1 S9.5 -1.3 30.8 8.8 46.7 -2.9 -47.0 24.9 147.5
By = [8,{o/B)]
1 a 3 4 5 [ 7 ] 9 10 11 12 13 14 15 16 17 18 19 20
1 335.6 -20.9 -11.2 -62.7-105.5 51.1 -12.9 <=5.5 39.1 3.3 -2.8 -16.3 =32.4 10.4 ~75.2 58.8 -48.2 -1.9 5.6-107.3
2 ~20.9 18.%F 10.8 24.3 1:2.3 19.8 -0.8 18.1 -10.8 4.6 10.4 -24.6 -14.0 -8. 14.8 -14.0 0.1 -32.6 ~0.6 -6.2
3 -11.2 10.8 122.4 37.3 3.6 -8.1 -39.1 232.0 21.7 19.8 -9.5 -31.4 -37.4 26.90 14.2 -71.7 -13.4 -42.4 1.0 -15.8%
‘4 ~62.7 24.3 '37.3 167.1 -10.2 -35.0 -23.1 $2.6 33.2 -13.5 22.2 -38.2 -29.7 -15.2 35.3-114.3 -35.8 -13.1 2.6 -13.8
S -105.5 12.3 3.6 -10.2 89.0 -~6.8 11.7 -18.6 -22.9 23.0 3.0 6.1 25. -5.1 23.4 -23.4 20.1 -59.0 3.7 30.7
[ 51.1 19.9 -8.1 -35.0 -6.8 158.5 -7.7 15.4 -33.8 -22.5 0.6 -16.2 ~31.7 -26.4 -53.7 $0.5 -7.0 -47.¢ §.5 =36.1
7 ©12.9 -0.8 -39.1 -23.1 11.7 -7.7 42.2 -24.7 -31.3 10.6 3.6 -1.9 27.9 -16.7 19.2 -2.4 324.3 11.8 ~10.6 20.3
3 =5.5 18.1 22.0 82.6 -18.6 15.4 -24.7 109.3 40.5 -15.9 21.1 -22.4 -54.8 -12.9 -20.6 -19.7 -25.1 -63.4 4.3 ~29.8
9 39.1 -10.8 21.7 33.2 -22.9 -33.8 -31.3 40.5 167.6 ~-15.6 9.3 6.4 -5.0 17.6 -44.5 -82.3 -52.1 16.1 1.7 =54.7
10 2.3 4.6 19.8 -13.5 23.0 -22.5 10.6 -15.9 -15.6 70.6 12.2 -20.4 -8.8 9.6 36.2 -37.1 10.3 —44.3 -1.9 -13.3
11 -2.8 10.4 -9.5 22.2 3.0 0.6 3.6 21.1 9.3 12.2 44.3 -15.0 7.0 =9.9 6.2 -28.5 -7.7 -28.9 -8.4 -25.3
12 -16.3 -24.6 ~31.4 -38.2 €.1 -16.2 -1.9 -22.4 6.4 -20.4 -19.0 80.2 22.1 -1.1 -~43.1 46.2 -2.2 46.4 4.4 24.%
13 -32.4 -14.0 -37.4 -29.7 25.5 -31.7 27.9 -54.8 -5.0 -8.8 7.0 22.1 91.0 -15.4 1.3 -21.8 3.0 55.5 -10.1 38.7
1 0.4 -8.3 26.8 -15.2 <-5.1 -26.4 -16.7 -12.9 17.6 9.6 <-9.9 -1.1 -16.4 0.1 6.0 -14.3 ~6.6 6.7 -7.3 2.9
15 -75.2 14.5 214.2 35.3 23.4 -53.7 19.2 -20.6 -44.5 36.2 €.2 -43.1 1.3 6.0 114.8 -72.5 9.3 5.0 -11.6 35.8
16 58.8 -14.0 -71.7-114.3 -23.4 80.5 -2.4 -19.7 -82.3 -37.1 -28.5 46.2 -21.8 -14.3 -72.5 259.0 39.1 -25.2 29.1 1.4.4
17 -48.2 -0.1 -13.4 -35.8 20.1 -7.0 24.3 -25.1 -52.1 10.3 -7.7 -2.2 3.0 -6.6 9.3 3%.1 72.5 -19.8 1.8 37.4
18 -1.9 -32.6 -42.4 ~-13.1 -59.0 -47.6 11.8 -63.4 16.1 -44.3 -28.9 46.4 55.5 6.7 5.0 -25.2 -19.8 227.7 -25.8 4.9
19 5.6 -0.6 1.0 2.6 2.7 6€.5-10.6 4.3 1.7 -1.5 -8.4 4.4 -10.1 -7.3 -11.6 29.1 1.8 -25.8 23.) 6.6
20 -107.3 -6.2 -15.5 -13.8 30.7 -36¢.1 20.2 -29.8 -54.7 -19.3 -25.3 24.9 28.7 2.9 35.8 14.4 37.4 34.9 -6.6 84.9

(3) Eigenvalues and eigenvectors. The eigenvalue (in boldface) is listed in the 2nd column, followed by the 20 components
of its eigenvector that are printed according to the alphabetical order of the single amino acid letter code.

A [~ D 4 r G H I K L . § N P Q R s T v w Y
@ class
1 0.8 -0.22 -0.22 -0.22 -0.22 -0.22 -0.22 -0.22 -0.22 -0.22 ~0.22 -0.22 ~0.22 -0.22 -0.22 -0.22 -0.22 -0.22 -0.22 -0.22 -0.23
2 1.6 =0.06 -0.13 0.01 0.04 -0.21 0.06 0.14 -0.25 -0.03 -0.29 0.23 0.16 -0.25 -0.25 0.06 -0.01 O0.14 -0.10 0.73 0.00
3 10.9 0.10 -0.46 -0.13 0.23 0.21 0.05 0.11 -0.20 -0.04 -0.12 0.27 -0.04 0.05 -0.24 0.11 -0.11 0.13 -0.10 -0.3¢ 0.52
4 13.4 0.10 0.22 -0.26 0.06 -0.03 0.08 0.15 0.00 0.06 ~0.04 0.08 0.19 ~0.54 -0.04 0.05 -0.02 0.51 0.10 -0.36 -0.30
S 30.8 0.10 0.02 -0.13 -0.26¢ -0.11 -0.57 0.43 0.28 -0.14 -0.04 0.37 -0.02 0.09 -0.09 0.22 -0.06 -0.17 0.19 -0.03 -0.07
[ 33.4 0.00 -0.21 0.08 -0.02 -0.33 0.22 0.05 0.23 -0.06 -0.09 -0.30 0.41 0.41 -0.20 0.28 -0.33 0.17 -0.03 -0.11 -0.18
7 53.7 -0.19 0.09 0.11 0.29 0.03 0.40 -0.06 0.01 -0.25 -0.24 0.51 -0.07 0.11 0.01 0.06 0.03 -0.32 0.07 -0.17 -0.40
] ¢9.6 -0.11 0.34 -0.01 -0.10 0.48 -0.01 0.09 -0.25 -0.14 -0.14 -0.15 -0.25 0.12 0.06 0.33 -0.51 O.16 0.01 0.13 -0.04
9 4.8 0.06 -0.57 0.28 0.08 0.15 -0.07 -0.11 0.28 0.01 -0.03 0.01 -0.17 ~0.28 0.36¢ -0.02 -0.30 0.11 0.2¢ 0.12 -0.19
10 7.0 -0.07 -0.06 0.39 -0.42 -0.13 0.20 -0.03 -0.08 0.31 0.08 0.05 -0.31 -0.21 -0.1%9 ©.51 0.18% -0.04 -0.02 -0.16 0.0
11 2.9 0.05 0.11 0.09 0.00 0.38 0.03 -0.20 0.35 -0.07 0.25 0.03 0.32 -0.34 -0.45 0.03 -0.22 -0.32 -0.17
12  148.8 -0.16 -0.10 -0.34 -0.42 0.03 0.31 0.12 0.16¢ 0.20 0.12 0.30 0.07 0.03 0.37 -0.11 -0.21 -0.01 -0.43
13 165.3 0.01 0.04 0.29 0.00 -0.08 0.18 0.59 -0.08 -0.31 -0.09 -0.28 0.14 -0.30 0.26 ~0.07 -0.01 -0.29 -0.09
14 197.3 <«0.02 -0.13 0.43 -0.12 0.28 -0.31 0.09 -0.38 0.12 0.08 0.14 0.37 0.16 0.02 -0.17 0.08 0.10 -0.27
15 256.3 -0.01 ~0.18 -0.34 -0.17 0.19 0.0% -0.14 ~0.29 0.16 -0.15 -0.12 0.43 -0.06 0.1% 0.27 0.13 -0.37 0.41 .0
16 263.% -0.01 0.26 0.27 -0.18 -0.32 -0.02 ~0.26 -0.19 0.07 -0.03 0.28 0.19 -0.03 0.07 ~0.2¢4 -0.44 0.01 0.33 -0.12 0.33
17 510.¢ ~0.62 -0.03 0.07 -0.21 0.26 0.08 0.16 0.27 0.07 -0.28 -0.07 0.04 0.05 -0.22 -0.30 oO.18 0.19 0.29 -0.03 0.12
18 €72.3 -0.08 -0.11 -0.02 -0.30 0.02 0.08 -0.20 -0.08 -0.73 0.36 0.09 0.09 0.00 0.07 0.11 0.22 0.27 0.i0 0.05 0.07
19 773.8 0.09 0.1 0.12 -0.07 0.04 -0.20 -0.34 0.26 -0.11 -0.60 0.02 0.15 -0.06 0.27 0.21 0.20 0.11 -0.35 -0.07 0.19
20 1315.4 0.66 -0.02 0.01 -0.40 0.18 0.29 0.04 0.02 -0.07 -0.28 -0.01 -0.12 0.312 -0.20 -0.33 0.06 0.00 0.12 0.04 -0.11
B class
1 0.8 -0.22 -0.22 -0.22 -0.22 ~0.22 -0.22 -0.22 -0.22 -0.22 -0.22 ~0.22 -0.22 -0.22 -0.22 ~-0.22 -0.22 -0.22 -0.22 -0.22 -0.22
3 2.8 -0.12 0.16 -0.16 0.16¢ 0.02 0.09 0.50 -0.18 -0.03 0.10 -0.23 0.02 0.01 0.08 -0.08 -0.11 0.24 0.031 -0.68 0.17
3 9.6 -0.05 -0.04 -0.23 0.11 0.27 0.00 -0.15 0.43 0.08 -0.05 0.24 -0.34 -0.40 -0.24 ~0.05 0.30 -0.04 0.18 -0.25 0.24
4 1.4 -0.02 0.01 0.02 -0.16 0.22 -0.01 0.36¢ 0,06 0.33 -0.12 -0.62 -0.34 -0.17 0.04 0.02 0.02 -0.08 0.14 0.34 -0.06
S 32.3 0.27 -0.14 ~0.17 -0.15 0.22 -0.11 0.19% -0.32 0.25 0.08 0.44 -0.29 -0.21 0.12 0.20 -0.22 0.22 -0.32 0.04 -0.12
§ 38.3 0.01 -0.04 0.30 -0.13 -0.01 -0.04 -0.2 0.07 0.23 -0.32 -0.08 0.10 -0.08 0.24 0.53 0.14 0.01 0.07 -0.48 -0.31
7 31.4 -0.13 0.33 0.15 0.14 0.30 0.4 -0.36 ~0.16 0.2¢ 0.02 -0.11 -0.23 0.28 -0.10 -0.22 O0.14 0.09 -0.43 ~-0.08 -0.13
t €3.8 0.09 -0.02 -0.2 0.29 0.31 -0.16 -0.50 -0.20 -0.06 -0.04 -0.28 0.07 -0.05 0.28 0.09 -0.31 0.20 0.23 0.07 0.33
9 77.8 -0.22 0.23 0.45 -0.42 0.34 -0.13 -0.06 -0.09 -0.30 0.21 0.16 -0.19 -0.05 0.14 -0.18 -0.16¢ 0.05 0.32 -0.08 -0.02
10 3130.7 -0.22 0.24 0.00 0.28 0.05 0.10 0.16 -0.16 ~-0.10 -0.42 0.22 0.14 -0.40 0.44 -0.22 0.12 -0.20 -0.08 0.16 -0.09%
11 149.0 0.15 0.21 0.21 0.08 -0.03 -0.26 -0.10 -0.11 0.13 0.47 -0.21 0.34 -0.55 -0.17 -0.05 0.16 -0.02 -0.21 ~0.02 -0.02
12 17%.2 -~0.07 0.18 -0.06 0.45 -0.03 0.00 0.08 -0.16 -0.24 0.14 0.04 -0.24 -0.01 -0.30 0.29 0.03 0.07 0.30 0.09 -0.56
13 201.1 -0.58 0.05 -0.17 -0.27 0.06 0.07 0.00 -0.25 0.03 -0.10 0.04 0.26 -0.07 -0.29 0.34 '0.18 0.31 -0.01 0.i% 0.32
14 29%6.8 -0.12 -0.20 -0.23 -0.13 0.02 0.55 -0.07 -0.12 0.11 0.43 0.02 0.11 -0.14 -1 0.12 -0.11 -0.47 0.20 -0.06 -0.09
1S 320.¢ 0.12 -0.17 0.33 0.19 -0.01 -0.07 .05 -0.57 0.10 -0.13 0.06 -0.15 0.08 -0.21 0.08 0.16 -0.36 0.18 -0.08 0.41
16 4¢s.6¢ 0.3 0.37 -0.22 -«0.24 0.13 0.05 -0.01 -0.12 0.27 -0.28 0.11 0.32 0.05 -0.34 -0.25 -0.13 -0.08 0.32 -0.08 -0.18
17  487.9 -0.05 -0.34 0.41 0.20 0.04 0.33 0.05 0.14 0.06 -0.17 0.03 0.15 -0.28 -0.29 -0.08 -0.51 0.23 0.04 0.04 0.00
18 683.9 -0.14 0.25 0.03 0.0f -0.65 0.03 -0.19 -0.05 0.42 0.07 0.11 -0.29 -0.10 0.i4 -0.11 -0.13 ©0.22 0.2 0.05 .11
19 .S 0.09 -0.49 -0.02 -0.06 ~0.02 0.06¢ -0.02 -0.22 0.01 0.04 -0.04 0.08 -0.03 0.12 -0.39 0.47 0.40 0.27 -0.01 -0.24
20 10232.8 0.45 0.20 0.01 -0.23 -0.19 0.46 -0.07 -0.09 -0.45 -0.13 -0.15 -0.17 -0.25 -0.01 0.17 0.12 0.17 -0.06 0.0S 0.138
asfl class
1 9.0 -0.22 -0.22 -0.22 -0.22 -0.22 -0.22 -0.22 -0.22 -0.22 -0.22 -0.22 -0.22 -0.22 -0.22 -0.22 -0.22 -0.22 -0.22 -0.22 ~-0.22
2 2.7 0.23 -0.09 -6.15 -0.01 0.39 -0.16 -0.03 0.06 0.08 -0.21 -0.56 -0.19 0.26 -0.25 0.08 0.0) 0.25 -0.18 0.20 0.24
3 6.3 0.03 0.17 0.27 0.04 0.20 -0.06 -0.24 0.04 0.00 -0.03 -0.01 -0.24 0.11 0.20 -0.04 -0.11 -0.01 0.10 -0.74 0.33
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18.0 -0.12 0.12 0.13 -0.20 0.21 -0.16 -0.59 -0.13 0.10 -0.10 0.23 0.02 -0.19 =0.20 0.17 =0.16 0.00 0.34 0.36 0.11
21.6 -0.01 0.06 0.09 -0.03 -0.1% -0.39 0.38 0.34 -0.15 -0.11 -0.03 0.24 0.07 -0.40 -0.10 -0.39 0.05 0.39 -0.08 0.1
2¢.6  0.11 0.02 ~0.19 0.13 0.06 0.12 -0.01 0.19 -0.09 -0.14 0.64 -0.29 0.13 -0.48 -0.01 0.11 -0.06 -0.29 -0.05 0.10
0.19 -0.32 0.16 0.59 0.08 0.10 0.04 -0.25 -0.09 0.06 0.24 -0.33 0.12 0.07 -0.35 0.02 -0.06 -0.09 -0.25

1.1 0.07 -0.03 -0.24 0.01 -0.27 0.00 -0.09 -0.09 -0.04 0.32 -0.08 0.17 -0.27 -0.23 0.64 0.0¢ 0.22 -0.09 -0.26¢ 0.22
$6.0 0.01 0.31 -0.25 ~0.23 =0.03 -0.12 0.28 0.10 -0.02 0.1 -0.01 -0.57 -0.3% 0.19 -0.06 0.03 -0.06 0.15 0.19 0.27
€2.9 -0.13 -0.08 =0.02 ~0.33 0.19 0.24 0.23 0.13 0.28 -0.25 -0.07 -0.15 0.00 -0.16 0.36 0.24 -0.16 0.31 -0.23 -0.35
78.8 -0.33 -0.42 -0.38 0.19 0.21 -0.0S 0.02 -0.22 -0.03 0.20 0.12 -0.01 0.08 -0.03 -0.26 0.19 0.24 0.43 -0.09 0.14
87.4  0.15 =0.01 =0.43 ~0.58 -0.04 0.08 -0.04 =0.07 0.19 0.05 0.18 0.20 0.41 0.22 -0.03 -0.30 -0.05 -0.04 -0.04 0.14
146.4  0.00 ~0.03 0.02 0.24 -0.12 -0.24 0.29 -0.49 -0.02 -0.40 0.19 -0.22 0.19 0.23 0.39 -0.21 0.08 0.05 0.07 -0.01
1s9.1  0.10 -0.20 0.05 0.03- 0.1§ -0.05 0.21 -0.21 0.17 -0.17 0.00 0.30 ~0.36 -0.05 -0.05 0.16 -0.58 -0.03 -0.01 0.48
165.9 -0.05 -0.07 0.36 -0.33 0.14 0.12 0.30 -0.30 0.20 0.06 0.14 0.00 -0.26 -0.17 -0.21 -0.13 0.50 -0.3¢ -0.08 0.03
266.7 -0.09 0.38 0.08 -0.02 0.20 -0.09 0.1¢ -0.42 -0.12 0.49 -0.09 -0.03 0.33 -0.33 0.02 0.01 -0.31 0.00 -0.01 -0.14
337.9 -0.3¢ 0.03 -0.02 0.22 -0.10 0.3 -0.01 -0.03 0.05 -0.03 -0.19 -0.13 0.05 -0.08 0.03 -0.42 -0.09 0.01 0.13 0.27
511.06 -0.06 -0.52 0.29 -0.23 0.20 0.00 0.07 0.19 -0.50 0.26 0.07 -0.14 0.09 0.15 0.27 -0.13 -0.13 -0.08 0.13 0.08
743.4 -0.43 -0.09 -0.02 0.19 0.10 -0.39 0.03 0.29 0.54 0.23 0.07 -0.03 0.02 0.07 0.12 -0.23 -0.09 -0.31 0.01 ~0.0%
$63.5 0.60 -0.33 0.03 0.20 -0.03 0.08 -0.05 -6.07 0.31 0.27 0.00 ~0.24 -0.11 ~0.11 -0.06 -0.32 -0.13 0.23 -0.02 ~0.23

0.0 0.22 0.22 0.22 0.22 0.22 0.22 0.22 0.22 0.22 0.22 06.22 0.22 0.22 0.22 0.22 0.22 0.22 0.22 0.22 0.22
1.3 -0.06 0.30 -0.04 -0.07 -0.16 0.00 -0.07 0.19 -0.08 -0.18 -0.37 0.30 0.32 0.16 0.29 -0.04 0.23 -0.10 -0.11 ~0.5)
2.5 0.00 0.81 -0.11 -0.11 -0.26 -0.10 -0.17 -0.12 0.02 0.317 -0.01 0.02 0.00 -0.05 -0.22 -0.09 -0.11 ~-0.05 0.08 0.30
4.9 -0.08 0.14 0.10 -0.25 0.04 -0.14 0.43 0.08 -0.19 -0.33 0.18 -0.01 ~0.18 0.13 -0.08 -0.14 -0.15 0.10 0.60 -0.23
8.2 -0.06 0.1% 0.22 0.26 -0.04 -0.09 0.58 -0.36 0.14 -0.09 -0.04 0.10 -0.14 0.00 -0.07 0.26 ~0.17 -0.11 -0.42 -0.14
11.8 0.17 0.30 0,01 -0.07 0.63 -0.23 -0.23 0.08 -0.05 ~0.20 0.07 -0.11 ~0.25 -0.17 -0.03 0.08 0.15 0.29 -0.27 -0.17
15.4 -0.07 0.01 -0.03 0,02 0.16 -0.09 0.21 0.33 -0.08 0.3¢ -0.48 -0.43 0.23 0.14 -0.30 0.14 -0.21 0.1§ 0.00 -0.07
28.5 0.00 0.02 -0.29 0.45 0.12 0.07 -0.13 -0.42 ~0.08 -0.01 -0.02 -0.09 ~0.05 0.47 -0.30 -0.07 0.31 0.01 0.20 -0.18
3%.0 -0.14 0.00 0.22 -0.06 -0.20 ~0.15 -0.18 0.09 -0.21 -0.04 0.60 -0.18 0.38 0.28 -0.20 0.19 -0.0%5 0.03 -0.2¢ ~0.14
41.9 0.15 -0.03 -0.21 ~0.08 0.10 0.10 0.18 0.31 -0.24 -0.11 0.01 0.29 -0.16 0.44 ~0.14 -0.J2 -0.10 -0.11 -0.39 0.31
45.7 0.14 0.06 -0.09 -0,01 0.12 -0.01 -0.06 -0.10 0.21 -0.56 ~0.12 -0.40 0.26 0.2 0.29 0.12 -0.22 -0.23 0.05 0.30
54.9 0.07 -0.02 0.20 -0.08 -0.21 ~0.03 0.25 0.12 0.12 -0.24 -0.08 -0.27 0.07 -0.16 -0.30 -0.19 0.69 ~0.04 -0.09 0.19
63.3 =-0.27 0.07 -0.32 -0.31 -0.16 0.17 0.09 0.08 0.40 0.15 0.1 -0.39 -0.36 0.238 0.24 0.09 0.13 0.16 -0.16 ~-0.13
116.2 -0.15 0.09 0.39 -0.18 0.12 0.71 -0.10 -0.24 -0.04 -0.09 -0.10 -0.09 0.08 0.02 -0.10 -0.26 ~0.14 0.24 ~0.10 -0.05
143.6 -0.03 -0.07 0.52 -0.03 -0.20 -0.23 ~0.28 -0.01 -0.11 -0.02 -0.32 0.05 -0.41 0.38 0.09 0.22 0.07 0.12 0.05 0.19
165.6 -0.13 -0.11 0.14 ~0.39 0.34 -0.19 -0.10 -0.12 0.5%1 0.12 -0.03 0.28 0.14 0.18 ~0.32 -0.03 0.01 -0.32 0.07 -0.05
231.2 -0.3% 0.00 -0.13 0.30 -0.08 0.16 -0.16 0.3¢ 0.25 -0.41 -0.04 0.24 -0.07 -0.13 -0.35 0.25 -0.11 0.17 0.07 0.07
363.4 0.22 -0.15 ~0.11 -0.04 -0.21 -0.30 0.03 -0.21 0.27 -0.10 -0.06 0.16 0.23 0.07 -0.03 -0.25 -0.14 0.9 -0.08 0.02
4¢5.0 -0.39 -0.05 -0.24 ~0.31 0.16 -0.02 0.15 -0.29 -0.37 -0.04 -0.09 0.18 0.20 -0.04 0.07 0.35 0.23 0.19 -0.01 0.33
846.¢ 0.60 -0.06 -0.15 ~0.33 -0.19 0.28 -0.02 -0.05 -0.04 -0.07 -0.05 0.08 -0.07 -0.02 -0.29 0.50 -0.02 ~0.01 0.05 -0.16
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Appendix D

The amino acid composition of the 64 testing proteins not included in the training database of Appendix A. Of the 64
proteins 9 are a proteins, 22 B protains, 24 a+ proteins, and 9 o/p proteins. The data of each protein contain two lines: the
1st line successively indicates its length, PDB code, the ratios of a, B, parallel § sheets, and antiparallel sheets (see eq.1); and
the 2nd line gives the frequencies of 20 amino acids according to the alphabetical order of the single amino acid letter code:
ACDEFGHIKLMNPQRSTVWY. The frequencies are normalized to 100. The fifth character in the PDB code indicates a
specific chain of a protein; if it is -, meaning the corresponding protein has only one chain.

9 a proteins

37 1BBL- 0.38 0.00 0.00 0.00

10.81 0.00 5.41 8.11 0.00 10.81 S.41 5.41 5.41 16.22 0.00 2.70 2.70 0.00 10.81 5.41 5.41 5.41 0.00 0.00
140 1HBBAN 0.66 0.00 0.00 0.00

15.00 0.71 5.71 2.85 5.00 5.00 7.14 0.00 7.14 12.86 1.43 2.86 5.00 0.71 2.14 7.86 6.43 9.29 0.71 2.14
158 1IPA- 0.50 0.00 0.00 0.00

4.43 0.63 1.27 8.86 S.70 1.27 1.27 5.06 6.96 12.03 4.43 6.33 0.63 8.23 8.23 4.43 6.96 5.70 2.53 5.06
340 1IMRRA  0.66 0.03 0.00 1.00

6.47 1.47 5.88 8.53 4.71 3.53 2.35 7.94 4.71 10.00 2.35 4.41 3.53 S5.29 5.00 6.18 5.59 5.59 2.06 4.41
33 1PDE- 0.42 0.00 0.00 0.00

6.06 0.00 9.09 6.06 3.03 12.12 0.00 €.06 12.12 9.09 0.00 3.03 0.00 3.03 12.12 0.00 3.03 12.12 0.00 3.03
323 1PRCHM 0.53 0.03 0.00 1.00
11.15 1.55 3.72 2.17 7.74 11.76 3.10 8.05 1.55 8.36 1.86 1.86 5.88 2.48 4.02 4.95 4¢.95 4.64 5.57 4.64
185 1sas- 0.57 0.02 0.00 1.00

6.49 2.16 12.43 5.95 5.95 5.95 0.54 3.78 7.57 8.65 3.78 5.95 2.70 4.86 3.24 4.32 4.32 4.86 2.1 4.32
154 2TMVP 0.42 0.05 0.00 1.00

8.44 0.65 5.19 4.55 S5.19 3.25 0.00 5.8¢ 1.30 7.79 0.00 6.49 4.55 5.84 7.14 10.39 9.74¢ 9.09 1.95 2.60
108 4CPV- 0.50 0.00 0.00 0.00
18.52 0.93 12.96 5.56 9.26 7.41 0.93 4.63 12.04 8.33 0.00 2.78 0.00 1.85 0.93 4.63 4.63 4.63 0.00 0.00

22 B proteins

262 1AAIB  0.00 0.34 0.00 1.00

6.11 3.44 6.49 1.91 1.53 7.63 0.76 6.87 2.67 9.16 1.15
46 IATX- 0.00 0.33 0.00 1.00

6.52 13.04 2.17 2.17 2.17 17.39 0.00 §6.52 4.35 2.17 2.17
151 1COBA 0.00 0.39 0.00 1.00

5.96 1.99 7.28 S5.30 2.65 16.56 5.30 5.96 6.62 5.30 0.66
53 1EGF- 0.00 0.22 0.00 1.00

0.60 11.32 7.55 3.77 0.00 11.32 1.89 3.77 0.00 7.551.89
240 1EST- 0.05 0.34 0.00 1.00

7.08 3.33 2.92 1.67 1.25 10.42 2.50 4.17 1.35 7.50 0.83
47 1GPS- 0.00 0.26 1.00 0.00

4.26 17.02 2.13 2.13 4.26 14.89 0.00 4.26 8.51 0.00 2.13
59 1HCC- 0.00 0.32 0.00 1.00 )

5.08 6.78 3.39 10.17 3.39 11.86 5.08 6.78 6.78 3.39 1.69
39 1IXA- 0.00 0.21 0.00 1.00

0.00 15.38 10.26 10.26 5.13 12.82 0.00 2.56 5.23 S5.13 0.00 10.26 5.13 2.56 0.00 7.69 0.00 2.56 2.56 2.56
103 IMDAA 0.00 0.31 0.44 0.56 :

12.62 0.97 3.88 8.7¢ 3.88 6.80 4.85 3.88 6.80 3.88 4.85 1.94 6.80 0.97 1.94 2.91 7.77 11.65 0.97 3.88
218 1PPFE  0.04 0.35 0.00 1.00

10.09 3.67 2.29 1.38 4.13 11.01 2.29 5.50 0.00 9.63 1.38 7.34 4.13 5.50 8.72 5.50 2.75 12.39 1.38 0.92
253 1R1A2 0.03 0.31 0.10 0.%0

6.72 1.19 5.53 2.77 3.16 6.72 3.95 6.32 3.95 7.912.77 6.32 5.93 3.95 4.3510.28 6.32 5.93 2.77 3.16
$9 ISHFA 0.00 0.41 0.21 0.79

6.78 0.00 8.47 10.17 5.08 6.78 1.69 3.39 3.39 8.47 0.00 3.39 3.39 1.69 3.39 8.47 8.47 6.78 3.39 6.78
166 1TIE- 0.00 0.39 0.00 1.00

4.22 2.41 6.63 7.83 3.01 8.43 1.20 3.61 7.23 9.64 0.00 2.41 6.02 S.42 4.22 6.63 4.82 9.64 1.81 4.82
152 1INFA 0.00 0.43 0.00 1.00

8.55 1.32 2.63 6.58 2.63 7.24 1.97 S5.26 3.95 12.50 0.00 4.61 &8.58 6.58 5.26 6.58 3.95 7.89 1.32 4.61
35 2ACHB  0.00 O0.40 0.21 0.79

2.86 0.00 2.86 0.00 11.43 0.00 0.00 11.43 5.71 2.86 5.71 8.57 8.57 5.71 8.57 2.86 14.29 8.57 0.00 0.00
71 2CTX~ 0.00 0.35 0.00 1.00

4.23 14.08 8.45 0.00 4.23 5.63 1.41 7.04 7.04 1.41 0.00 4.23 8.45 1.41 7.04 4.23 12.68 5.63 1.41 1.41
268 2MEV1 0.04 0.23 0.00 1.00

5.60 1.87 4.8%5 4.48 7.46 7.46 1.49 2.61 4.85 6.72 0.75 4.85 9.70 3.36 3.36 8.21 8.96 7.84 1.49 4.10
388 2PLV1  0.05 0.28 0.02 0.97

8.33 0.69 S5.56 3.13 4.17 5.21 2.43 3.82 5.21 5.90 1.04 4.51 7.29 2.43 4.86 9.03 10.76 8.68 1.39 5.56
151 2s0D0 0.00 0.38 0.00 1.00

§.96 1.99 7.28 5.30 2.65 16.56 S.30 5.96 6.62 5.30 0.66 3.97 3.97 1.99 2.65 5.30 7.95 9.93 0.00 0.66
224 3RP2A 0.05 0.37 0.00 1.00

7.14 2.68 4.02 S5.36 2.68 8.04 4.02 8.04 5.80 7.14 2.23 2.23 6.70 2.23 S.36 S5.80 5.36 9.82 1.34 4.02
51 4SGBI 0.00 0.24 0.00 1.00

9.80 15.69 3.92 1.96 1.96 7.84 1.96 5.83 9.80 1.96 0.00 7.84 11.76 1.96 1.96 5.88 1.96 0.00 0.00 7.84

388 SNN9- 0.01 0.43 0.00 1.00
4.12 4.64 S.93 5.41 2.32 7.73 1.80 6.44 4.12 4.64 1.29 6.70 5.67 2.06 6.19 9.02 7.73 S5.93 3.61 4.64

.02 4.58 5.73 4.96 7.63 8.02 6.49 3.44 3.44
.70 4.35 ?.17 4.35 8.70 4.35 2.17 4.35 2.17
.97 3.97 1.99 2.65 5.30 7.95 9.93 0.00 0.66
3.77 1.89 7.55 11.32 3.77 3.77 3.77 9.43
.08 2.92 6.25 5.00 9.17 7.92 11.25 2.92 4.58
.38 4.26 8.51 12.77 4.26 0.00 2.13 2.13 0.00

o o0 N Vv W o W
o
o0

.00 10.17 1.69 0.00 10.17 1.69 5.08 1.69 5.08

24 a+P proteins
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321 1ABH- 0.37 0.21 0.48 0.52
10.90 0.00 5.92 4.98 3.74 10.50
173 1BBPA 0.10 0.48 0.00 1.00
4.62 2.31 5.78 6.94 2.89 8.67
125 1BW4- 0.14 0.32 0.42 0.57
12.80 4.80 8.00 0.80 2.40 9.60
502 1COX- 0.24 0.19 0.41 0.59
11.55 0.20 4.98 4.18 4.18 11.55
250 1DNXA 0.26 0.27 0.19 0.81
8.80 0.80 6.80 3.60 4.40 2.80
489 1GLAG 0.32 0.22 0.34 0.66
9.41 1.02 5.32 7.77 2.86 17.98
129 1MS2A 0.13 0.42 0.00 1.00
10.85 1.55 3.10 3.88 3.10 6.98
56 10VOA 0.18 0.21 0.25 0.75
7.14 10.71 5.36 3.57 3.57 5.36
134 1POC- 0.27 0.17 0.22 0.78
2.99 7.46 8.21 3.73 3.73 8.21
295 1PPEA 0.11 0.27 0.00 1.00
4.41 2.71 6.44 7.12 3.73 8.81
108 1SHAA 0.15 0.30 0.25 0.75
4.63 2.78 3.70 6.48 4.63 6.48
109 1THO- 0.36 0.26 0.29 0.71
11.01 1.83 10.09 4.59 3.67 8.26
108 1TRX- 0.32 0.24 0.23 0.77
11.11 1.85 10.19 4.63 3.70 8.33
476 2AAA- 0.27 0.18 0.35 0.65
7.35 1.89 8.61 3.36 2.94 7.98
321 2PIA- 0.15 0.30 0.35 0.65
7.48 2.49 7.48 6.54 4.98 7.17
65 2SN3- 0.12 0.18 0.00 1.00
4.62 12.31 3.08 9.23 1.54 13.85
478 2TAAA 0.21 0.14 0.45 0.55
7.74 2.09 9.21 2.51 2.93 8.58
86 3BSC- 0.24 0.22 0.37 0.63
4.65 0.00 6.98 12.79 3.49 6.98
402 3sC2Aa  0.33 0.20 0.41 0.59
9.20 1.49 6.47 3.98 3.98 8.46
152 3sc2B  0.37 0.21 0.41 0.59
8.55 1.32 5.26 2.63 1.97 7.89
316 3TIN- 0.37 0.16 0.19 0.81
8.86 0.00 7.91 2.53 3.16 11.39
436 dENL- 0.3% 0.16 0.41 0.59
12.61 0.23 7.11 5.73 3.67 8.49
30 4INSB 0.37 0.10 0.00 1.00
6.67 6.67 0.00 6.67 10.00 10.00
237 4RCRH  0.17 0.11 0.11 0.89
9.28 0.84 5.06 6.33 3.38 9.70

9 o/B proteins

823 1GPB~- 0.45 0.15 0.53 0.47
7.65 1.09 5.83 7.78 4.62 5.71
468 1IMINA 0.45 0.13 0.89 0.11
5.56 1.92 6.20 8.12 4.06 9.40
287 1INIPB 0.40 0.12 1.00 0.00
9.76 2.44 5.92 9.76 2.09 9.76
309 1sBP- 0.45 0.17 0.57 0.43
10.36 0.00 8.41 6.15 3.88 6.80
248 1WSYA 0.50 0.13 1.00 0.00
14.92 1.21 4.84 6.05 4.84 6.85
414 4ICD- 0.37 0.18 0.55 0.45
9.18 1.45 6.04 7.97 2.42 9.66
401 TAATA 0.46 0.14 0.57 0.43
8.98 1.25 4.99 S5.74 3.99 7.48
458 SRUBB 0.34 0.16 0.56 0.44
13.10 1.09 6.33 5.%0 5.02 10.92
334 1GpP1O  0.22 0.28 0.51 0.49
11.68 0.60 5.99 6.89 1.50 6.89

0.31
3.47
1.60
0.80
2.40
1.8¢
0.00
1.79
5.22
1.69
2.78
0.92
0.93
1.47
2.18
0.00
1.26
5.81
3.23
3.29
2.53
2.52
6.67
2.53

2.67
2.35
0.70
1.94
2.02
1.21
2.24
2.62
2.69

5.30
4.05
3.20
4.78
4.80
6§.95
6.20
0.00
2.99
5.76
2.78
8.26
8.33
§.09
4.05
0.00
5.65
5.81
3.48
3.29
5.70
5.05
0.00
5.49

6.08
7.69
7.67
5.83
7.26
8.94
5.99
4.59
5.99

9.66
11.56
3.20
4.58
3.60
4.09
4.65
8.93
8.96
7.46
6.48
9.17
9.26
2.52
4.05
12.31
4.18
8.14
2.24
1.32
3.48
8.26
3.33
5.49

5.59
7.48
5.92
9.06
3.23
7.49
6§.98
3.93
6.89

7.48
3.47
4.80
6.18
9.20
7.36
5.43
5.36
6.72
8.47
11.11
11.93
12.04
7.56
7.48
7.69
7.11
9.30
8.21
8.55
5.06
9.17
13.33
9.70

9.23
5.98
7.32
6.80
10.48
7.49
7.98
6.99
8.08

0.00
0.00
0.00
2.59
1.60
2.86
1.55
0.00
2.24
2.37
0.93
0.92
0.93
1.68
1.87
0.00
1.88
0.00
1.74
2.63
0.63
1.15
0.00
2.95

2.55
3.21
4.88
0.00
2.02
2.90
3.24
2.84
2.10
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5.30
6§.36
§.40
5.58
4.40
4.09
7.75
10.71
3.73
3.73
4.63
3.67
3.70
5.25
3.43
4.62
5.44
3.49
3.98
2.63
6§.01
4.36
3.33
2.95

5.59
3.21
4.53
5.83
4.03
3.62
4.24
3.28
5.99

4.36
3.47
4.80
4.38
3.60
2.86
4.65
7.14
3.73
5.08
3.70
4.59
4.63
3.9%
§.30
6.15
4.39
2.33
5.97
6.58
2.53
3.44
3.33
9.70

4.13
4.06
2.79
3.88
6.45
4.83
4.28
4.59
3.29

4.36
1.16
6.40
2.99
3.60
4.09
4.65
0.00
0.75
2.71
2.78
2.75
2.78
2.52
2.18
1.54
3.77
2.33
2.74
3.98
4.11
2.06
3.33
2.11

3.40
2.14
2.44
3.24
4.03
2.90
3.74
2.84
0.90

1.25
0.58
5.60
3.39
4.80
6.34
3.10
1.79
4.48
7.12
7.41
1.83
0.93
2.10
8.10
0.00
2.09
3.49
5.22
6§.58
3.16

-3.21

3.33
4.64

7.29
5.34
4.53
3.24
4.84
4.11
$.99
5.68
4.49

5.92
6.94
3.20
7.37
11.60
4.29
10.08
8.93
7.46
5.76
8.33
2.75
2.78
11.13
9.35
6.15
7.74
5.81
6.72
5.92
8.23
7.34
3.33
4.64

3.16
6.20
3.48
5.50
5.24
3.14
7.23
3.93
5$.39

6.54
4.05
7.20
7.37
6.00
7.16
6.98
5.36
8.21
4.07
7.41
5.50
5.56
7.77
6.85
4.62
8.37
8.14
5.97
9.21
7.91
4.59
3.33
4.64

4.37
3.85
4.18
5.18
2.42
4.35
4.24
5.24
5.69

6.85
11.56
5.60
7.77
10.00
7.36
10.85
8.93
3.73
5.76
5.56
4.59
4.63
6.30
6.23
1.54
6.07
4.65
6.97
7.24
6.96
7.80
10.00
6.75

7.41
6.84
8.71
7.77
6.45
7.25
$.99
6.11
11.98

2.49
2.89
4.00
1.79
1.20
2.66
1.58
0.00
1.49
3.08
0.93
1.83
1.85
2.31
1.25
1.54
1.88
1.16
2.74
3.95
0.95
1.15
0.00
1.27

1.46
1.92
0.00
2.27
0.00
1.45
1.78
1.31
0.60

3.74
9.25
5.60
3.78
6.00
3.68
3.10
5.36
5.97
3.73
6.48
1.83
1.85
7.14
1.56
9.23
7.11
4.65
7.21
7.24
8.86
2.06
6.67
2.53

4.37
4.45
3.14
3.88
2.82
3.62
3.74
3.71
2.40
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Appendix E

Now, let us prove that the value of the Mahalanobis distance (see Equation 38) defined in the (20-1)-D
(dimensional) space is unchanged regardless of which one of the 20 normalized components is removed
from the 20-D composition space.

Suppose X and X; (k =1, 2, ---, N) are defined in an 20-D space by

X1 Xk, 1
X2 Xk,2
X=| | X=| . | k=12 N (ED)
X20 Xk,20
where xj and x¢ ; (j =1, 2, -+, 20) are the jth normalized components of X and X (see Equation 2)
in the 20-D space, respectively. X can be eitherone of X (k =1, 2, ---, N) or not. The norm X and the
covariance matrix S for the set of X; (k =1, 2, .--, N) are defined by (see Equations 4, 21, and 22)
Xy S, S12 51,20
- x 52,1 §22 51,20
X=| 7| s=| 7 . (E2)
x20 520,1 $202 - 520,20
where | ww
X = N Zk:l Xk,i
i, j=1,2,...,20 (E3)
sij = Thoy [ed = %) [ = %]
The constraint due to the normalization yields
SR xi=1 T¥ni=1 T2 E=1 (E4)
From Equations E3 and E4, it follows that
Sij = Sj.i, 4, j=112,...,20)
YX s5;=0 (j=12,...,20) (ES)
Zj?gls,-'j;-.o, (i=12...,20)
The Mahalanobis distance between X and X in the 20-D space is (see Equation 20)
DP*X.X)=X-XTs"'X-X) (E6)

Because Equation ES, the matrix S is singular, that is, its determinant S = 0, and hence S~! in Equation E6
is divergent. We therefore instead define the Mahalanobis distance in a 19-D space. To realize this, let us
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assume that

Cx BT
Xp—1 > Xp—1
Xp=| 77 |, Xp=| 2L E7
P Xp+1 P Xp+1 (ED
[ x20 L x20
and
[ s11 ccc SLp-1 Sip#l ot SL20
Sp—1,1 ** Sp—l,p—1 Sp—lp+l *°* Sp-1,20
Ss;5=| 7" p=%4p p=%p p= , =1,2,...,20 ES8
pP-p Sp+1,1  *** Sp+l,p-1 Sp+lp+l ' ° Sp+1,20 (P ) (E8)
| $20,1  **+ S20,p—1  S20,p+1  c* 520,20
Thus, the Mahalanobis distance in a 19-D space is given by
2 o) — (Yo — ¥ Te~! rv_ _ T
D*(X3, X3) = (X5 — X5) S-ﬁ’.p-(X,, - X5) (E9)
Our task is to prove the following
D*(X7,Xp) = D*(X5,X3) = ... = D*(X35, X35) (E10)

Without losing generality, let us prove D%(X, YT) = DZ(X%, Y-ﬁ). According to the definition of an
inverse matrix, it follows

- - _
D2 (X5, Xp) = (Xg — X) TS5 (X5~ Xp)

20,20
- — AT -1 ~1 -1 7 —_ A
x| — X1 Si1 Stz S | oxi-m
(E11)
—_ -1 -1 -1 —
=| 27X 21 S22t S *2—x2
x19 — X159 sl s, e S X19 — X19
L < L9101 S92 19,19 J L -
where s5;” jl (,j =1 2,...,19) are the elements of matrix Szloliﬁ' According to the theory of linear
340
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algebra, the above equation can be further written as

2(We Yy — W \Tg-l X
D' (X7 X55) = (X5 — Xgp) Sfa,m(xzo‘xzo)
— AT
X] —X] Al Az
i X3 = X2 A2 Az

76,76

X19 — Xi9 A9 A9

Ajg )
Alg2

Alg,19

= B Lyt Tgnt (p = Fp)Ap,g (xg — T)

20,20

I <19 19 —
= Bgql 2pm1Xp = %p) Loy Apqg(xg — )

where Ap 4 is a cofactor defined by

Apq = (~1)P* det[ mﬁ]ﬁ

in which [SE ﬁ]_ _ Is the matrix obtained by deleting the pth row and gth column from the matrix S
“ipg
Thus, according to the basic principle of a determinant, it follows that

X —X] x2—X2

2% X | | s 52,2
D*'X5. X55) = %(Xl—xl) . i
519,1 519,2
51,1 51,2
L 2 X=X x2—X2
T2 — X2
153 35!
519,1 519,2
51,1 51,2

L ) 52,1 $2,2
T X19 — X19 .
175,761

X|—X] x2—Xx2

— 1 19 —VA—
= Bz 2 p=1xp = Xp)A%,p

341

q

X19 —X19
52,19

519,19

51,19
Xi9 — X19

519,19

S1,19
52,19

’

x19 — X[9

x| — X
X2 — X
X19 — X19

(E12)

(E13)

20,20°

(E14)
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where

Similarly, we have

D*(X7, X

where

51,1 51,2
Sp—1,1  Sp-1,2
A, =|*1—F1 n—X0
Sp+1,1 Sp+1,2
519,1 §19,2
X3—X2 X3—X3
. | s32 53,3
= ,-gﬁ(xz —-Xx2)
520,2 §20,3
52,2 52,3
) | x=x x3—-x3
W(XS —X3)
520,2 520,3
. 52,2 52,3
532

TS%T (x20 — X20)

53,3

X=X X3—X3

1 20 = AL

§2,2 52,3
Sp-1,2  Sp—1.3
AT"): X2 —X2 X3—X3
Sp+1,2 Sp+1,3

520,2 §20,3

51,19

Sp—-1,19
X19 — X19

Sp+1,19

$19,19

X20 — X20
53,20

§20,20

52,20
X20 — X20

$20,20

52,20
- 83,20

X20 — X20

92,20

Sp—1,20
X20 — X20
Sp+1,20

520,20

(E15)

(E16)

(E1T)

To prove that D?(X55 Xﬁ) = D? X7 XT), let us first prove their denominators are equal to each

20’
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other, that is, |S

§2,2
33,2

$20,2

= (=1)%

= (- 1)40

52,3
53,3

520,3

52,1
53,1

$20,1

51,1
52,1

519,1

$2,20 52,2
53,20 83,2

$20,20 $20,2

§22 o 5,19
§32 o+ 5319

§202 - 820,19

S1,2 - S1L,19
§22 - 5219

S19,2 -+ 519,19

5§23 —52,1

53,3 —353,1

§203 - —520,1
52,1 52,2
53,1 532

= (=2 :
—S51,1 —S1,2

1835 35

ﬁﬁl = IST,TI' According to Equation E5 as well as Equation E8, it follows that

52,19
$3,19

—S51,19

which indicates that the denominator of Equation E14 is equal to that of Equation E16.

Now let us prove that their numerators are also equal to each other. Note that the first term of the
numerator in Equation E16 is

(x2 —=X2)A7,

X2—X3 x3—Xx3 X20 — X20
_ 532 533 - 53,20
(x2 —x2) . . .
520,2 5203 520,20
X2 —X2 X3—X3 —(x1 —Zx1)
_ 532 §33 e —53,1
(x2 —x2) ; ) .
520,2 §203 v —520,1
X]—X] x2—X2 —(x19 = x19)
9 _ 53,1 53,2 53,19
= (-DY(x2—-%2) ; )
5201 520,2 520,19
343

(E18)
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Xy — X1 x2— X2 —(x19 — X19)
53,1 53,2 53,19
= ()P -m) :
519,1 519,2 519,19
—(s11 +s52,1) —(s51,2+52,2) —(51,19 + 52,19)
s11+s2,1 S12+ 822 51,19 + 52,19
Xy — X1 x2—%3 -+ —(x19 —X19)
> 5
= (-D¥Gx2—-7) 3,1 53,2 3,.19
519,1 519,2 519,19
S0 51,2 51,19
Xy —X[ X2—X2 —(x19 — X19)
= (x2 —x2) 53,1 §3,2 53,19
$19,1 519,2 519,19
xy—=X] x2—% - —(x19—X19)
52,1 52,2 52,19
—(x2 —X2) ) .
519,1 519,2 519,19

= (x —X2)Ag5, — (k2 = X2)A35
Similarly, we have

"

(3 —F)A7; =

(x4 =X)A7, =

(xlg—zl9)A'f'19 =

\

1

(X3 - E)Aﬁ:; - (X3 - x_3)A§_0'1

(X4 - }—4)AE'4 - (X4 - X_4)A2—0’1

x19 —X19) Az 19 — (X19 — X19) A%5

344
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The last numerator term of Equation E16 is

52,2 §23 e 52,20
- . $3,2 $33 o 53,20
(x20 =X20)A7 59 = (x20 —¥20) . . .
X3—X3 X3—X3 ++ X0—X0
52,2 23 - —52,1
53,2 $33 e —53,1
= (x20 —X20) : : y : = —(x20 — X20)Ag5
X2—X2 x3—X3 -+ —(x1—X%])
(E21)
Substituting Equations A17 to 20 into Equation E16, we obtain
2% X — _ 20 —
D (Xl’ Xl) = 20 20 {Zp__z(xP XP)Azo p 20’1 ZP=2(xP - XP)}
= 20 = {Zp—z(xp xp)Azo + (xy — xl)Azo 1] (E22)

= % 2,,_ (xp ~ %) A , = D* (X35, X5p)

Following the same procedure, we can also prove that D?(Xr, X X7) = DZ(X—, X5), Dz(Xl, X7) =
D3 (X X~ ) and so forth.

In the above proof, the reason X was chosen as one of the end points of the distance is because it
would be more intuitively to associate with the norm of a structural class that is the main topic of this paper.
Actually, X can be replaced by any point defined in the 20-D space, and the same conclusion can be reached
by following exactly the same procedure as long as its components are constrained by the normalization
condition as formulated in Equation E4.

It is obvious from the proof of Equation E10 that the Mahalanobis distance thus defined in a 19-D space
must have a unique value, and it is none but the value calculated based on the 20-D space by means of the
eigenvalue-eigenvector approach (see Equation 33).

Finally, the above conclusion can be extended to an m-D space (Chou, 1995a) as long as the corre-
sponding m components are normalized, that is, constrained by

Z,_[xt =1, Z;n=1 Xk =1 (E23)
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Appendix F

The elements of the inverse covariance matrices Q7 Q" Q.,), and Q?,, in the 19-D space formed
by removing the last amino acid (Y) component. These data were derived from the data s, (i=1, 2, ..., 19;
j=1, 2, ..., 19) given in Appendix C by calling a subroutine DLINDS in the IMSL Library (Fortran Subroutines
for Mathematics and Statistics).

-1 -1
Q!, = s ()]

1 2 3 4 - [4 7 8 9 10 11 12 13 14 15 16 17 18 13
1 0.04 0.06 0.03 0.03 0.03 0.03 0.03 0.05 0.04 0,05 0.02 0.04 0.03 0.05 0.03 0.04 0.04 0.05 0.01
2 0.06 0.13 0.06 0.04 0.06 0.06 0.05 6.10 0.07 0.09 0.03 0.06 0.06 0.10 0.05 0.07 0.06 0.08 0.02
3 0.03 0.06 0.06 0.03 0.02 0.04 0.03 0.05 0.04 0.04 0.03 0.05 0.03 0.05 0.04 0.04 0.0¢ 0.05 0.06
& 0.03 0.04 0.03 0.04 0.02 0.04 0.03 0.03 0.03 0.02 0.03 0.04 0.01 0.03 0.03 0.03 0.04 0.03 0.05
5 0.03 0.06 0.02 0.02 0.06 0.02 0.01 0.06 0.03 0.06 -0.01 0.01 0.04 0.07 0.02 0.03 0.01 0.04 -0.06
§ 0.03 0.06 0.04 0.04 0.02 0.06 0.04 0.0 0.04 0,03 0.04 0,06 0,02 0.04 0.04 0.04 0.05 0.04 0.07
7 0.03 0.05 0.03 6,03 0.01 0.04 0.06 0.03 0.03 0.01 0.05 0.06 0.00 0.02 0.08 0.04 0.06 0.04 0.10
8 0.08 0.10 0.08 0.03 0.06 0.04 0.03 0.11 0.05 0.10 0.00 0.04 0.07 0.10 0.04 0.05 0.03 0.08 -0.05
9 0.04 0.07 ©0.04 0.03 0.03 0.04 0.03 0.05 0.05 0.05 0.03 0.04 0.03 0.05 0.04 0.04 0.05 0.05 0.04
10 0.05 0.09 ©0.04 0.03 0.06 0.03 0.01 0.10 0.05 0.10 -0.01 0,02 0.07 Q.10 0.03 0.05 0.02 0.06 -0.07
11 0.02 0.03 0.03 0.03 -0.01 ©0.04 0.05 0.00 0.03 -0.01 0.08 0.06 -0.02 0.00 0.04 0.03 0.05 0.03 0.13
12 0.04 0.06 0.05 0.04 0.01 0.06 0.06 0.04 0.04 0.02 0.06 0.08 0.01 0.03 0.05 0.04 0.07 0.04 0.12
13 0.03 0.06 0.0 0.01 0.04 0.02 0.00 0.07 0.03 0.07 -0.02 0.01 0.08 0.07 0.02 0.03 -0.01 0.04 -0.06
Y} 0.05 0.10 0.05 0.03 0.07 0.04 0.02 0.10 0.08 0.10 0.00 0.03 0.07 0.11 0.03 0.06 0.03 0.07 -0.08
15 0.03 0.0S 0.04 0.03 0.02 0.04 0.05 0.04 0.04 0.03 0.04 0.08 0.02 0.03 0.05 0.03 6.0S 0.04 0.07
16 0.04 0.07 0.04 0.03 0.03 0.04 0.04 0.05 0.04 0.05 0.03 0.04 0.03 0.06 0.03 0.06 0.04 0.05 0.05
17 0.04 0.06 0.04 0.04 0.01 0.08 0.06 0.03 0.0S 0.02 0.05 0.07 -0.01 0.03 0.05 0.04 0.09 0.04 0.10
18 0.0S 0.08 0.05 0.03 0,04 0.04 0.04 0.08 0.08 0.06 0.03 0.04 0.04 0.07 0.04 0.0S 0.04 0.07 0.01
19 0.01 0.02 0.06 0.05 -0.06 0.07 0.10 -0.05 0.04 -0.07 0.13 0.12 -0.06 -0.05 0.07 0.05 0.10 0.01 0.40

-1 -1

Qly =[s(B)]

1 2 3 4 H § 7 8 5 10 11 12 13 14 15 16 17 18 19
1 0.05 0.02 0.06 0.01 0.02 0.02 =-0.01 0.03 0.04 0.02 0.05 0.04 0.04 0.03 0.0 0.03 ¢.01 0.02 0.11
2 0.02 0.02 0.03 0.01 0.01 0.02 0.02 0.00 0.02 0.02 0.01 0.02 0.03 0.02 0.02 0.01 0.02 0.01 0.02
3 0.06 0.03 0.08 0.01 0.03 0.03 -0.01 0.04 0.05 0.03 0.05 0.0¢ 0.06 0.05 0.06 0.0S 0.01 0.03 .13
4 0.01 0.01 0.01 0.02 0.00 0.02 0.01 0.00 0.01 0.01 0.01 0.02 0.02 0.01 0.01 0.01 0.01 0.00 0.01
5 0.02 0.01 0.03 0,00 0.03 0.01 =-0.01 0.02 0.03 0.01 0.03 0.01 0.01 0.02 0.03 0.02 0.01 0.01 0.05
§ 0.02 0.02 0.03 0.01 0.01 0.02 .01 0.01 0.02 0.02 0.02 0.02 0.03 0.02 0.02 0.02 0.01 0.01 0.04
7 -0.01 0.02 -0.01 ¢.01 ~0.01 0.01 0.08 -0.04 0.00 0.01 -0.04 0.01 0.01 0.02 0.00 -0.03 ¢.03 -0.01 -0.06
8 0.03 0.00 0.04 0.00 0.02 0.01 -0.04 0.0 0.03 0.01 0.0% 0.01 0.01 0.01 0.03 0.04 -0.01 0.03 0.09
9 0.04 0.02 0.05 0.01 0.03 0.02 0.00 0.03 0.04 0.02 0.03 0.02 0.03 0.03 0.04 0.03 ¢.01 0.02 0.08
10 0.02 0.02 0.03 0.01 0.01 0.02 0.01 0.01 0.02 0.02 0.02 0.03 0.03 0.02 0.02 0.01 0.01 0.01 0.04
11 0.08 0.01 0.05 0.01 0.03 0.02 -0.04 0.0% 0.03 0.02 0.09 0.03 0.03 0.02 0.05 0.05 0.00 0.02 0.12
12 0.04 0.02 0.06 0.02 0.01 0.02 0.01 5,01 0.02 0.03 0.03 0.06 0.05 0.04 0.04 0.02 0.02 0.02 0.07
13 0.04 0.03 0.06 0.02 0.01 0.03 0.01 0.01 0.03 0.03 0.03 0.05 0.07 0.04 0.04 0.02 0.02 0.02 0.08
14 0.03 0.02 0.05% 0.01 0.02 0.03 0.02 0.01 0.03 0.02 0.02 0.04 0.04 0.05 0.04 0.01 0.02 0.02 0.06
15 0.05 0.02 0.06 0.01 0.02 0.02 0.00 0.03 0.04 0.02 0.05 0.04 0.04 0.04 0.06 0.04 0.02 0.03 0.09
16 0.03 0.01 0.05 0.01 0.02 0.02 -0.03 0.04 0.03 0.01 0.05 0.02 0.02 0.01 0.04 0.04 a.00 0.02 0.09
17 0.01 0.02 0.01 0.01 0.01 0,01 0.03 -0.01 0.01 0.01 0.00 0.02 0.02 Q.02 0.02 0.00 0.02 0.00 0.00
18 0.02 0.01 0.03 0.00 0.01 0.01 -0.01 0.03 0.02 0.01 0.02 0.02 0.02 0.02 0.03 0.02 0.00 0.03 0.06
19 0.11 0.02 0.13 0.01 0.0 0.04 -0.06 0.09 0.08 0.04 0.12 0.07 0.08 0.06 0.09 0.09 0.00 0.06 0.30

-1 -1

Qo = [s7 (a+P)]

1 2 3 4 s $ 7 8 9 10 11 12 13 14 15 16 17 19 19
1 0.03 0.02 0.01 0.03 0.02 0.04 0.04 0.03 0.02 0.03 0.03 0.04 0.02 0.03 0.03 0.03 0.03 0.01 0.06
2 0.02 0.06 0.06 0.05 0.01 0.07 0.06 0.04 0.04 0.07 0.11 0.08 9.01 0.08 0.04 0.04 0.02 0.07 0.04
3 0.01 0.06 0.08 0.05 -0.01 0.07 0.05 0.04 0.04 0.07 0.12 0.08 0.01 0.0% 0.04 0.05 0.01 0.07 0.03
4 0.03 0.05 0.05 0.06 0.01 0.07 0.07 0.04 0.04 0.07 0.10 0.08 0.02 0.07 0,04 0.06 0.03 0.0% 0.06
5 0.02 0.01 -0.01 0.01 0.05 0.01 0.01 0.01 0.01 =-0.01 -0.02 0.01 0.02 0.00 0.02 0.01 0.02 0.00 0.04
§ 0.04 0.07 0.07 0.07 0.01 0.11 06.09 0.06 0.06 0.10 0.15 0.11 0.03 0.11 0.06 0.08 0.03 0.08 0.08
7 0.04 0.06 0.05 0.07 0.01 0,09 0.13 0.07 0.05 0.09 0.11 0.11 0.04 0.08 0.05 0.07 0.04 0.07 0.10
] 0.03 0.04 0.04 0.04 0.01 0.06 0.07 0.05 0.03 0.0S 0.08 0.07 0.02 0.08 0.03 0.04 0.02 0.08 0.06
9 0.02 0.04 0.04 0.04 0.01 0.06 0.08 0.03 0.04 0.08 0.07 0.07 0.02 0.06 0.04 0.05 0.03 0.08 0.07
10 0.03 0.07 0.07 0.07 -0.01 0.10 6.09 0.08 0.08 0.11 0.1% 0.11 0.02 0.11 0.06 0.07 0.03 0.09 0.07
11 0.03 ¢.11 0.12 0.10 -0.02 0.15 0.11 0.08 0.07 0.1% 0.28 0.16 0,02 0.15 0.07 0.09 0.02 0.14 0.08
12 0.04 0.08 0.08 0.08 0.01 0.11 Q.11 0.07 0.07 0.11 0.16 0.15 0.03 0.11 0.07 0.08 0.04 0.10 0.11
1) 0.02 0,01 0.01 0.02 0.02 0.03 6.04 0.02 0.02 0.02 0.02 0.03 0.04 0.02 0.02 0.03 0.03 0.01 0.04
e} 0.03 0.08 0.09 0.07 0.00 0.11 0.08 0.08 0.06 0.11 0.15 0.11 0.02 0.14 0.08 0.07 0.02 0.09 0.05
15 0.03 0.04 0.04 0.04 6.02 0.06 ¢.05 0.03 0.04 0.06 0.07 0.07 0,02 0.05 0.06 0.08 0.03 0.05 0.07
16 0.03 0.04 0.08 0.06 0.01 0.08 Q.07 0.04 0.08 0.07 0.09 0.08 0.03 0.07 0.05 0.08 0.03 0.08 0.09
17 0.03 0.02 0.01 0.03 0.02 0.03 0.04 0.02 0.03 0.03 0.02 0.04 0.02 0.02 0.03 0.03 0.03 0.02 0.06
18 0.01 0.07 0.07 0.05 0.00 0.08 0.07 0.0% 0.08 0.09 0.14 0.10 0.01 0.09 0.05 0.05 0.02 Q.10 0.06
19 0.06 0.04 0.03 0.06 0.04 0.08 0.10 0.06 0.07 0.07 0.08 0.11 0.04 0.08 0.07 0.09 0.06 0.06 0.20

1 -1

Q o) = [s L,(Wﬂ)]

1 2 3 4 S 1 7 ] 9 10 11 12 13 ° 14 15 16 17 18 19
1 0.22 0.2¢ 0.24 0.22 0.24 0.24 0.28 0.32 0.20 0.14 0.12 0.34 0.34 0.30 0.36 0.23 0,33 0.22 0.20
2 0.26 0.89 0.27 0.23 0.18 0.26 0.27 0.3% 0.25 0.20 0.09 0.49 0.43 0.40 0.43 0.26 0.41 0.25 0.28
3 0.24 0.27 0.30 0.25 0.26 0.27 0.32 0.35 0.23 0.15 0.16 0.38 0.37 0.34 0.40 0.28 0.36¢ 0.25 0.24
4 0.22 0.23 0.2% 0.2¢ 0.24 0.26 0.27 0.30 0.22 0.16 0.12 0.38 0.35 0.31 9.37 0.26 0.34 0.23 0.18
5 0.24 0.18 0.26 0.24 0.31 0.25 0.28 0.33 0.21 0.13 0.16 0.31 0.31 0.30 0.36 0.26 0.33 0.26 0.21
[ 0.24 0.26 0.27 0.26 0.25 0.29 0.2% 0.36 0.23 0.17 0.13 0.39 0.39 0.34 0.42 0.26 0.38 0.24 0.2)
7 0.2% 0.27 0.32 0.27 0.28 0.29 0.41 0.3¢6 0.24 0.15 0.17 0.39 0.36 0.37 0.40 0.29 0.35 0.27 0.28
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Appendix G

The seed-propagated sampling principle as formulated in Section IV.A can be briefly explained as follows.
Because % in Equation 42 is a random number within the range of 0 and 1, its density function can be
expressed as (DeGroot, 1986):
1, R el0, 1]
f®) = (G1)

0, otherwise

The density function is a nonnegative function, and its meaning can be illustrated as follows. Assuming
0 < A < B < 1, the probability of R occurring in [A, B] will be

B
PA<R<B)= fA FORAR G2)

Therefore, the probability of it occurring between Fy ; _j () and Fy ; (o) will be given by (see Equation 41)

Fi.i Fri
P(Fiici(@) SR < Fei(@) = [0, FOR = [F40 1. 4R = Fii(@) ~ Frioi(@)

= 2o Xk, j(e) — }:};11 Xk, j () = xp,i(c)

(G3)
which indicates that the probability of i occurring between Fy ;_j(a¢) and Fi ;(x) is exactly equal to
xk i (o). Accordingly, amino acids drawn according to Equation 42 can be treated as discrete stochastic
variables that satisfy the amino acid frequency distribution of the kth c-protein.

The sampling principle according to Equation 42 can also be understood through an intuitive geometrical

illustration. Suppose that in Figure 4 the coordinates of the 20 amino acids A, C, D, E, ..., Y in the kth

« protein are given by Z}___lxk_j(oz), Z}=lxk,j(a), Z}:lxk.j(a), Z};lxk_j(a), e fglxk,j(a).

respectively. Thus, the distance between 0 and A is xi 1 (@), that between A and Cis x; 2 (@), that between
Cand D is x; 3(a), that between C and D is x¢ 4(«), and so forth. Generally speaking, the distance between
the (i — 1)th and the ith amino acids is x; ; (@) (Figure 4). Because the random number R is evenly
distributed, the probability of finding it in the range between Zj-;‘l xi,j () and Zj-___l xk, j(c) must be
proportional to the range’s length x; ; (a), that is, the occurrence frequency of the ith amino acid of the kth
a-protein in the training database. This is exactly what is imposed by Equation 42.

Furthermore, according to the central limit theorem (DeGroot, 1986), the deviation of the amino acid
compositions of the simulated proteins thus sampled from those of the proteins in the training database
should be proportional to 1/,/Ns, where N is the number of the total subsampling cycles (see steps 2 and
3 of Section IV.A1). The larger the N, the smaller the deviation. In the study reported here, N = 10*, and
hence the corresponding deviation is on the order of 1/100; hence, the simulated proteins thus generated are

very close but not identical to the proteins in the training database in the sense of amino acid composition.
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