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ABSTRACT The cellular attributes of a pro-
tein, such as which compartment of a cell it belongs
to and how it is associated with the lipid bilayer of
an organelle, are closely correlated with its biologi-
cal functions. The success of human genome project
and the rapid increase in the number of protein
sequences entering into data bank have stimulated
a challenging frontier: How to develop a fast and
accurate method to predict the cellular attributes of
a protein based on its amino acid sequence? The
existing algorithms for predicting these attributes
were all based on the amino acid composition in
which no sequence order effect was taken into
account. To improve the prediction quality, it is
necessary to incorporate such an effect. However,
the number of possible patterns for protein se-
quences is extremely large, which has posed a formi-
dable difficulty for realizing this goal. To deal with
such a difficulty, the pseudo-amino acid composi-
tion is introduced. It is a combination of a set of
discrete sequence correlation factors and the 20
components of the conventional amino acid compo-
sition. A remarkable improvement in prediction
quality has been observed by using the pseudo-
amino acid composition. The success rates of predic-
tion thus obtained are so far the highest for the
same classification schemes and same data sets. It
has not escaped from our notice that the concept of
pseudo-amino acid composition as well as its math-
ematical framework and biochemical implication
may also have a notable impact on improving the
prediction quality of other protein features. Proteins
2001;43:246–255. © 2001 Wiley-Liss, Inc.
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INTRODUCTION

The success of the human genome project has stimu-
lated the emergence of a new and far more challenging
frontier: proteomics. Although proteins are generated ac-
cording to their DNA code, they are far more complex and
varied than DNA. To understand the molecular underpin-
nings of life, it is indispensable to study individual pro-
teins, their complexes and cellular networks. This is what
proteomics is all about. Actually, proteomics is the science
of the cellular protein universe that will hold a key position

in the new biology and medicine reshaped by the monumen-
tal achievement of the sequencing of the human genome.
Every biochemical reaction essential to life depends on the
marvelous functions of proteins in one way or another. For
example, proteins can serve as the following: the beams
and rafters of the cell; the glue that binds the body
together; the enzymes that build up and break down our
energy reserves; the “circuits” that power movement and
thought; the hormones that course through our veins; the
“guided missiles” that target infections; and much more.
On the other hand, the function of a protein is closely
correlated with its cellular attributes, such as in which
subcellular location it resides, whether a membrane or not
a membrane protein, and if so, what type of membrane
protein it is.1,2 The knowledge of protein cellular at-
tributes plays a vitally important role in molecular biol-
ogy, cell biology, pharmacology, and medical science.

Although the cellular attributes of a protein can be
determined by conducting various experiments, it is time-
consuming and costly to acquire this kind of knowledge
solely by experiments. Because the number of sequences
entering into databanks has been rapidly increasing, the
challenge in expediting the determination procedure for
protein cellular attributes has become critical and urgent.
As shown in Table I, the number of sequence entries in
SWISS-PROT3 was 3,939 in 1986, in 1990 was 18,374, but
already 80,000 in 1999. Even so, this is still a tiny fraction
of all the proteins found in nature, estimated as about 2
million in number, depending how you count. In view of
this, it is highly desirable to develop a theoretical method
for quickly and accurately predicting the cellular at-
tributes of proteins.

Actually, many efforts have been made in this regard.4–9

It should be pointed out that the prediction algorithms by
these authors were all based on the amino acid composi-
tion alone. Although this is a reasonable approximate
approach and did yield some encouraging results as dis-
cussed in a recent review,10 the prediction quality will be
certainly improved if sequence order information can also
be incorporated into the prediction algorithm. However,
this is a very difficult task, as exemplified below. For a
protein of only 50 residues, the number of different se-
quence order combinations would be 2050 ' 1.1259 3 1065.
Actually, as shown in Table I, the average protein length is
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much longer than 50, and the database has longer proteins
each year. In 1999 the average length increased to 364
residues. The number of different combinations for a
protein of 364 residues will be 20364 @ 1.1259 3 1065! For
such a huge number, it is impractical to construct a
training data set to statistically cover all possible samples
based on the current protein data. Furthermore, protein
sequence lengths vary widely. This has posed an addi-
tional difficulty for including sequence order information,
in both constructing a training data set and formulating
an algorithm. Confronted with such a grim situation, how
can we take into account the sequence order effect to
improve the prediction quality? If it is not feasible to
completely include all sequence order patterns, is there an
approximate approach to partially count the sequence
order effect? If so, what is the approach and how does it
improve the prediction quality? The present study was
initiated in an attempt to address these problems. First,
let us introduce a new concept, the so-called “pseudo-
amino acid composition,” as described below.

THE PSEUDO-AMINO ACID COMPOSITION

As illustrated above, owing to the huge number of
possible sequence order patterns, it is very difficult to
directly incorporate the sequence order effect into a statis-
tical prediction algorithm. However, if we can indirectly
take this effect into account through a set of discrete
numbers, the problem will become much easier. That is
why we try to introduce the pseudo-amino acid composi-
tion.

The essence of pseudo-amino acid composition is, on one
hand, to include the main feature of amino acid composi-
tion, but on the other, to include information beyond amino
acid composition. The conventional amino acid composi-
tion contains 20 components, or discrete numbers, each
reflecting the occurrence frequency of one of the 20 native

amino acids in a protein. For the pseudo-amino acid
composition, however, there are some other elements in
addition to the 20 components. It is through these addi-
tional discrete numbers that the sequence order effect of a
protein is approximately reflected and improvements are
made, as will be shown below.

Consider a protein chain of L amino acid residues:

R1R2R3R4R5R6R7 · · · RL (1)

effect can be approximately reflected with a set of sequence
order-correlated factors as defined below:

5
u1 5

1
L 2 1 O

i 5 1

L 2 1

Q~Ri, Ri 1 1!

u2 5
1

L 2 2 O
i 5 1

L 2 2

Q~Ri, Ri 1 2!

u3 5
1

L 2 3 O
i 5 1

L 2 3

Q~Ri, Ri 1 3!, ~l , L!

· · ·

ul 5
1

L 2 l O
i 5 1

L 2 l

Q~Ri, Ri 1 l!

(2)

where u1 is called the first-tier correlation factor that
reflects the sequence order correlation between all the
most contiguous residues along a protein chain (Fig. 1a), u2

the second-tier correlation factor that reflects the sequence
order correlation between all the second most contiguous
residues (Fig.1b), u3 the third-tier correlation factor that
reflects the sequence order correlation between all the 3rd
most contiguous residues (Fig.1c), and so forth. In Eq. 2
the correlation function is given by

Q~Ri, Rj! 5
1
3 $@H1~Rj! 2 H1~Ri!#

2 1 @H2~Rj! 2 H2~Ri!#
2

1 @M~Rj! 2 M~Ri!#
2% (3)

TABLE I. Growth of Protein Sequences in SWISS-PROT
Data Bank

Release Date

No. of
sequence
entries

No. of
amino acids

Average
length per
sequencea

2.0 09/86 3,939 900,163 229
5.0 09/87 5,205 1,327,683 236
9.0 11/88 8,702 2,498,140 287

12.0 10/89 12,305 3,797,482 309
16.0 11/90 18,364 5,986,949 326
20.0 11/91 22,654 7,500,130 331
24.0 12/92 28,154 9,545,427 339
27.0 10/93 33,329 11,484,420 345
30.0 10/94 40,292 14,147,368 351
32.0 11/95 49,340 17,385,503 352
34.0 10/96 59,021 21,210,389 359
35.0 11/97 69,113 25,083,768 363
37.0 12/98 77,977 28,268,293 363
38.0 07/99 80,000 29,085,965 364

aThe average length per sequence is defined as the total number of
amino acids divided by the total number of sequences. The quotient is
rounded to an integer.

Fig. 1. A schematic drawing to show (a) the first-tier, (b) the second-
tier, and (3) the third-tier sequence order correlation mode along a protein
sequence. Panel (a) reflects the correlation mode between all the most
contiguous residues, panel (b) that between all the secon-most contigu-
ous residues, and panel (c) that between all the third-most contiguous
residues.
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where H1(Ri), H2(Ri), and M(Ri) are, respectively, the hydro-
phobicity value, hydrophilicity value, and side-chain mass of
the amino acid Ri; and H1(Rj), H2(Rj), and M(Rj) the corre-
sponding values for the amino acid Rj. Note that before
substituting the values of hydophobicity, hydrphilicity, and
side-chain mass into Eq. 3, they were all subjected to a
standard conversion as described by the following equation:
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(4)

where H1
0(i) is the original hydrophobicity value of the ith

amino acid that was taken from Tanford,11 H2
0(i) the corre-

sponding original hydrophilicity value taken from Hopp and
Woods,12 and M0(i) the mass of the ith amino acid side chain
that can be obtained from any biochemistry text book.
Without loss of generality, we use the numerical indices 1, 2,
3,…, 20 to represent the 20 native amino acids according to
the alphabetical order of their single-letter codes: A, C, D, E,
F, G, H, I, K, L, M, N, P, Q, R, S, T, V, W, and Y. The data
obtained by such a standard conversion (Eq. 4) will have a
zero mean value and will remain unchanged if going through
the same conversion procedure again.

As we can see from Figure 1, the sequence order effect of
a protein can be, to some extent, reflected through a set of
sequence-correlation factors u1, u2, u3,…, ul, as defined by
Eq. 2. Now let us augment the formulation of amino acid
composition to include such a set of discrete numbers. To
realize this, instead of using a 20-D (dimensional) vector
defined by 20 components,13 we use a (20 1 l)-D vector
defined by 20 1 l discrete numbers to represent a protein
X; i.e.,

X 5 3
x1···
x20

x20 1 1···
x20 1 l

4, (5)
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(6)

where fi is the normalized occurrence frequency of the 20
amino acids in the protein X, uj is the j-tier sequence
correlation factor computed according to Eqs. 2–4 for the
protein X, and w is the weight factor for the sequence order
effect. In the current study, we chose w 5 0.05. As we can
see from Eqs. 5 and 6, the first 20 components reflect the
effect of the amino acid composition, whereas the compo-
nents from 20 1 1 to 20 1 l reflect the effect of sequence
order. A set of such 20 1 l components as formulated by
Eqs. 5 and 6 is called the pseudo-amino acid composition
for protein X. It has the following three advantages: (a) It
contains more sequence order effects not only than the
20-D conventional amino acid composition13 but also than
the 210-D pair-coupled amino acid composition14 and the
400-D first-order coupled amino acid-composition,15 as
reflected by a series of sequence correlation factors with
different tiers of correlation (see Fig.1 and Eq. 2). (b) These
factors are defined by a correlation function that allows
users to introduce any other biochemical quantities (in
addition to the hydrophobicity, hydrophilicity, and side-
chain mass as explicitly expressed in Eq. 3) to obtain the
optimal results for various cases concerned. (c) The pseudo-
amino acid composition has the same formulation as the
conventional one except containing more components (dis-
crete numbers); accordingly, all the existing prediction
algorithms based on the conventional amino acid composi-
tion can be straightforwardly extended to cover the pseudo-
amino acid composition, as described below.

THE PREDICTION ALGORITHMS

In this section we shall show how the existing prediction
algorithms are reformulated in terms of the pseudo-amino
acid composition.

Suppose there are N proteins forming a set S, which is
the union of m subsets; i.e.,

S 5 S1 ø S2 ø S3 ø S4 ø · · · ø Sm (7)

Each subset is composed of proteins with the same cellular
attribute. Its size is given by nj (j 5 1, 2, 3,…, m), where nj

represents the number of proteins in the subset Sj. Obvi-
ously, N 5 n1 1 n2 1…1 nm. The key to the incorporation
of the sequence order effect is to replace the conventional
amino acid composition by the pseudo-amino acid composi-
tion as formulated in Eq. 5, where a protein is represented
by a vector or a point in a (20 1 l)-D space, rather than a
20-D space as used by the previous investigators.5,8,13,16,17

According to such a baseline, the kth protein in the subset
Sj should now be represented by
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Xk
j 5 3
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···
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j
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(8)

where xk,u
j (u 5 1, 2,. . ., 20 1 l) has the same meaning as

xu of Eq. 5 but is associated with Xk
j instead of X. The

standard vector for the subset Sj is defined by

X# j 5 3
x#1

j

x#2
j

···
x#20 1 l

j
4, ~j 5 1, 2, 3,. . ., m! (9)

where

x# i
j 5

1
nj

O
i 5 1

nj

xk,i
j , ~i 5 1, 2,. . ., 20 1 l!. (10)

Actually Xj as defined above can be viewed to represent a
standard protein (a pseudo-protein) for the subset Sj.

Suppose X is the protein whose cellular attribute is to be
predicted. It can be either one of the N proteins in the set
S, or a protein outside of it. Its pseudo-amino acid composi-
tion has been given by Eq. 5. Now the problem is how to
effectively define the similarity between the query protein
X and the standard vectors Xj. Algorithms with various
measures were proposed, as follows.

The Least Hamming Distance Algorithm16,17

The algorithm was originally proposed by Chou16 to
predict protein structural class based on the 20-D amino
acid composition. The hypothesis was that the similarity of
any two proteins could be measured by their Hamming
distance or city-block metric.18 Now, based on the pseudo-
amino acid composition, the Hamming distance between X
and Xj should be

DH~X, X# j! 5 O
i 5 1

20 1 l

uxi 2 x# i
ju, ~j 5 1, 2, 3,. . ., m! (11)

Thus, the prediction rule was given by

DH~X, X# m!

5 Min$DH~X, X# 1!, DH~X, X# 2!, DH~X, X# 3!,. . ., DH~X, X# m!%

(12)

where m can be 1, 2, 3,…, or m, and the operator Min
means taking the least one among those in the brackets,
and the superscript m is the cellular attribute predicted for
the query protein X. If there is a tie, m is not uniquely
determined, but that rarely occurs.

The Least Euclidean Distance Algorithm13

Rather than Hamming distance, Nakashima et al.13

used the square Euclidean distance as a scale to measure
the similarity between two proteins. Thus, instead of Eqs.

11 and 12, the similarity between X and Xj should be
defined by

DE
2 ~X, X# j! 5 O

1

20 1 l

~xi 2 x# i
j!2, ~j 5 1, 2, 3,. . ., m! (13)

and the prediction rule given by

DE
2 ~X, X# m! 5 Min$DE
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2 ~X, X# 2!,

DE
2 ~X, X# 3!,. . ., DE

2 ~X, X# m!%. (14)

The ProtLock Algorithm5

The scale to measure the similarity between proteins X
and Xj in the ProtLock algorithm5 should be modified as

DP
2~X, X# j! 5 ~X 2 X# j!TC 2 1~X 2 X# j!, ~j 5 1, 2, 3,. . ., m!

(15)

where C is a matrix defined by

C 5 3
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c2,1 c2,1 · · · c2,20 1 l···
···

· · ·
···

c20 1 l,1 c20 1 l,2 · · · c20 1 l,20 1 l

4, (16)

the superscript T is the transposition operator, and C21

the inverse matrix of C. The matrix elements ci,j in Eq. 16
are given by

ci,j 5 O
j 5 1

m O
k 5 1

nj

@xk,i
j 2 x# i#@xk,j

j 2 x# j#,

~i, j 5 1, 2, . . . , 20 1 l!, (17)
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m O
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nj
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nj x# i
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And the prediction rule should be given by

DP
2~X, X# m! 5 Min$DP

2~X, X# 1!, DP
2~X, X# 2!,

DP
2~X, X# 3!,. . ., DP

2~X, X# m!%. (19)

The Covariant Discriminant Algorithm7,8

Instead of geometrical distance, in the covariant discrimi-
nant algorithm a function was used as a scale to measure
the similarity between proteins X and X# j. The smaller the
value of the function, the greater the similarity between
the two proteins. Based on the pseudo-amino acid composi-
tion, the function, which was called the covariant discrimi-
nant function, should be expressed as

F~X, X# j! 5 DM
2 ~X, X# j! 1 lnuCju, ~j 5 1, 2, 3,. . ., m!

(20)

where

DM
2 ~X, X# j! 5 ~X 2 X# j!TCj

2 1~X 2 X# j! (21)
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is the squared Mahalanobis distance19–21 between X and
Xj, and

Cj 5 3
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j · · · c1,20 1 l

j
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j

4 (22)

is the covariance matrix for the subset Sj and its elements
are given by

ci,j
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nj

@xk,i
j 2 x# i

j#@xk,j
j 2 x# j

j#,
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and uCju is the determinant of the matrix Cj. Likewise, the
prediction rule should be expressed by

F~X, X# m! 5 Min$F~X, X# 1!, F~X, X# 2!,

F~X, X# 3!,. . ., F~X, X# m!%. (24)

Note that the sum of the 20 1 l components in Eq. 6 is
equal to 1 (imposed by the normalization condition); i.e., of
the 20 1 l components, only 20 1 l21 are independent.
Accordingly, the covariance matrix Cj as defined by Eq. 23
must be a singular matrix.21 This implies that the Mahal-
anobis distance given by Eq. 21 and the corresponding
covariant discriminant function by Eq. 20 would be diver-
gent and be undefined. To overcome such a difficulty, let us
take the following dimension-reducing procedure.21 In-
stead of defining a protein in a (20 1 l)-D space, let us
define it in a (20 1 l21)-D space by leaving out one of its
pseudo-amino acid components. The remaining compo-
nents thus obtained would be completely independent and
hence the corresponding covariance matrix Cj no longer
singular. In such a (20 1 l21)-D space, the Mahalanobis
distance (Eq. 21) and covariant discriminant function (Eq.
20) can be defined without the difficulty of divergence.
Furthermore, according to the invariance theorem given in
Appendix A of Chou,21 the values of the Mahalanobis
distance and covariant discriminant function will remain
the same regardless of which one of the 20 1 l components
is left out. Accordingly, the values of the Mahalanobis
distance and covariant discriminant function can be
uniquely defined through such a dimension-reducing pro-
cedure. The same procedure can also be used to solve the
divergence problem occurring in Eq. 15 of the ProtLock
algorithm.

RESULTS AND DISCUSSION

To show the improvement of prediction quality by
introducing the pseudo-amino acid composition, tests were
conducted for three different classification schemes of
protein cellular attributes, i.e., 12 protein subcellular
locations, 5 membrane protein types, and 9 membrane
protein locations. For the data in each of these classifica-
tion schemes, predictions were performed by each of the

aforementioned algorithms based on the amino acid compo-
sition and the pseudo-amino acid composition.

As we can see from Eqs. 5 and 6, the first 20 components
in the (20 1 l)-D space represent the contribution from the
amino acid composition, and the last l components (from
20 1 1 to 20 1 l) represent the contribution from the
sequence order effect. The greater the number l, the more
the sequence order effect that is incorporated. Accordingly,
with an increase in l, the rate of correct prediction by the
self-consistency test will be generally enhanced. Note that
the number of l does have an upper limit, i.e., it must be
smaller than the number of amino acid residues of the
shortest protein chain in the data set concerned (see Fig.1
and Eq. 2). In addition, because of the information loss
during the jackknifing process, the rate of correct predic-
tion by the jackknife test does not always monotonically
increase with l. Because jackknife tests are thought to be
one of the most effective and objective methods for cross-
validation in statistics,18,22 the optimal value for l should
be the one that results in the best overall jackknife-tested
rate. It should be pointed out that the optimal value of l for
one algorithm is not necessarily the same for another.
However, because it has been shown that the covariant
discriminant algorithm yields the best prediction
quality,8–10,23–25 for simplification the optimal value of l
determined by the covariant discriminant algorithm was
used here for all the other algorithms. Actually, compared
with the remarkable improvement thus obtained, the
slight inaccuracy due to using the same optimal value for l
is very trivial.

Twelve Protein Subcellular Locations

To facilitate comparison, the same data set studied by
Chou and Elrod8 was adopted here. However, because the
change of code names, the sequences for some proteins
could no longer be retrieved from the SWISS-PROT data-
bank.3 Of the 2,319 proteins originally listed in Appendix
A of Chou and Elrod,8 2,191 protein sequences were
retrieved. They form the data set S12, which consists of 145
chloroplast proteins, 571 cytoplasm, 34 cytoskeleton, 49
endoplasmic reticulum, 224 extracellular, 25 Golgi appara-
tus, 37 lysosome, 84 mitochondria, 272 nucleus proteins,
27 peroxisome, 699 plasma membrane, and 24 vacuole. For
the convenience of those readers who are not trained as a
cellular biologist, a schematic illustration is given in
Figure 2 to show the 12 different subcellular locations of
proteins. For the dataset S12, it was found that the optimal
number for l was 8. When l 5 8, the overall rates of correct
prediction by different algorithms using the pseudo-amino
acid composition are given in Table II. To facilitate compari-
son, also listed there are the results without using the
pseudo-amino acid composition. Furthermore, to test the
consistency, an independent data set S12 was constructed,
which was also adopted from Chou and Elrod.8 However,
for the above reason, of the 2,591 independent proteins
originally studied by Chou and Elrod,8 only 2,494 protein
sequences were retrieved. They are 112 chloroplast pro-
teins, 761 cytoplasm, 19 cytoskeleton, 106 endoplasmic
reticulum, 95 extracellular, 4 Golgi apparatus, 31 lyso-
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proteins, 1,867 multipass transmembrane proteins, 14
lipid chain-anchored membrane proteins, and 86 GPI-
anchored membrane proteins. The predicted results thus
obtained are also given in Table III.

Nine Membrane Protein Locations

Associated with different locations, membrane proteins
usually have different biological functions.1,2 On the basis
of their cellular locations, membrane proteins may be
classified into nine discriminative categories: (a) chloro-
plast, (b) endoplasmic reticulum, (c) Golgi apparatus, (d)
lysosome, (e) mitochondria, (f) nucleus, (g) peroxisome, (h)
plasma membrane, and (i) vacuole. Such a classification
covers almost all the organelles in an animal or plant cell
that have a lipid bilayer for their membrane structure (see,
e.g., Refs. 1 and 2). The data set for such a classification
scheme was taken from Chou and Elrod9 and is repre-
sented here by S9. It contains 2,105 protein sequences, of
which 55 are chloroplast membrane proteins, 64 endoplas-
mic reticulum membrane proteins, 44 Golgi membrane
proteins, 21 lysosome membrane proteins, 154 mitochon-
dria membrane proteins, 26 nucleus membrane proteins,
37 peroxisome membrane proteins, 1,680 plasma mem-
brane proteins, and 24 vacuole membrane proteins. The
names of the 2,105 membrane proteins, grouped into nine
categories, were given in Table 2 of Chou and Elrod.9 For
the data set S9, it was found that the optimal number for l
was 21. When l 5 21, the overall rates of correct prediction
by different algorithms, with and without the pseudo-

amino acid composition, are given in Table IV. Likewise,
just for a demonstration, predictions were also performed
for the proteins in a corresponding independent data set
S9. It was also taken from Chou and Elrod9 and contains
2,698 protein sequences, of which 293 are chloroplast
membrane proteins, 79 endoplasmic reticulum membrane
proteins, 35 Golgi membrane proteins, 433 mitochondria
membrane proteins, 1,841 plasma membrane proteins,
and 17 vacuole membrane proteins. None of these proteins
occurs in the dataset S9. The predicted results thus
obtained are summarized in Table IV.

DISCUSSION

From Tables II–IV, the following can be observed.
(1) For the self-consistency and jackknife tests, the

overall rates of correct prediction by the covariant discrimi-
nant algorithm using the pseudo-amino acid composition
are remarkably higher than the corresponding rates by the
same prediction algorithm but without using the pseudo-
amino acid composition, and substantially higher than the
corresponding rates by the other prediction algorithms.
For example, as shown in Table III, the rates obtained by
the covariant discriminant algorithm using the pseudo-
amino acid composition for the membrane protein-type
prediction are 90.9% (self-consistency) and 80.9% (jack-
knife), which are about 5–10% higher than the correspond-
ing rates with the same prediction algorithm but without
using the pseudo-amino acid composition, and 13–31%
higher than those with the other prediction algorithms. In

TABLE II. Overall Rates of Correct Prediction for the 12 Subcellular Locations of Proteins by Different
Algorithms and Test Methods

Algorithm Input form

Test method

Self-
consistencya Jackknifea Independent data setb

Least Hamming distance
(Chou PY, 1980; 1989)

Amino acid compositionc 1067
2191

5 48.7%
1033
2191

5 47.2%
1151
2494

5 46.2%

Pseudo-amino acid compositiond 1080
2191

5 49.3%
1047
2191

5 47.8%
1172
2494

5 47.0%

Least Euclidean distance
(Nakashima et al., 1986)

Amino acid compositionc 1096
2191

5 50.0%
1063
2191

5 48.5%
1197
2494

5 48.0%

Pseudo-amino acid compositiond 1113
2191

5 50.8%
1076
2191

5 49.1%
1215
2494

5 48.7%

ProtLock (Cedano et al., 1997) Amino acid compositionc 1023
2191

5 46.7%
971
2191

5 44.3%
1018
2494

5 40.8%

Pseudo-amino acid compositiond 1128
2191

5 51.5%
1068
2191

5 48.7%
1165
2494

5 46.7%

Covariant-discriminant
(Chou and Elrod, 1999)

Amino acid compositionc 1751
2191

5 79.9%
1492
2191

5 68.1%
1888
2494

5 75.7%

Pseudo-amino acid compositiond 1880
2191

5 85.8%
1600
2191

5 73.0%
2017
2494

5 80.9%

aConducted for the 2,191 proteins in S12 that are classified into 12 subcellular locations as described in the text and Figure 2.
bConducted based on the rule parameters derived from the 2,191 proteins in S12 for the 2,494 independent proteins in S# 12 (see text).
c The conventional amino acid composition consists of 20 components each representing the occurrence frequency of one of the 20 native amino
acids in a protein.

dThe pseudo-amino acid composition consists of 20 1 l components (Eq. 5). The optimal number for l is 8.
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addition, for the 12 protein subcellular location predictions
(Table II), the self-consistency and jackknife rates by the
covariant discriminant algorithm using the pseudo-amino
acid composition are 85.8% and 73.0%, respectively, which
are about 5–6% higher than those with the same predic-
tion algorithm but without using the pseudo-amino acid
composition, and 24–39% higher than those from the other
prediction algorithms. This indicates that the prediction
quality can be remarkably improved after taking into
account the sequence order effect by means of the pseudo-
amino acid composition. Moreover, when the number of
the cellular attributes concerned was reduced, the predic-
tion quality could be further enhanced. For example, when
the number of subcellular locations was reduced from 12
(S12) to 7 (S7) by excluding the small subsets (see Table 1 of
Chou and Elrod8), the corresponding self-consistency and
jackknife rates were increased to 86.6% and 77.9%; when
reduced to 5, the corresponding rates increased to 88.4%
and 82.7%. This indicates that the prediction quality can
be further improved if one can: (a) narrow down the scope
of cellular attributes for a query protein according to its
source and other relevant information (e.g., if a query
protein is from an animal organism, one can safely exclude
the chloroplast and vacuole subsets from consideration
and the prediction be conducted among 10 possible subcel-
lular locations instead of 12); and (b) improve the training
data of small subsets by adding into them more new
proteins that have been found belonging to the cellular
attributes defined by these subsets.

(2) Although a combination of the self-consistency test
and jackknife test, as described above, is the most appropri-

ate way to measure the power of a statistical prediction
algorithm,22 for a demonstration of practical application,
the results obtained by the independent data set tests are
also given in Tables II–IV. As mentioned above, the
independent data set test rates listed in Table II were the
predicted results for the data set S12 using the rule
parameters derived from S12 , those in Table III were the
predicted results for the data set S5 using the rule
parameters derived from S5, and those in Table IV the
predicted results for the data set S9 using the rule
parameters derived from S9. As shown in these tables, for
the independent data set test, the rates of correct predic-
tion by the covariant discriminant algorithm using the
input of pseudo-amino acid composition are also remark-
ably higher than the corresponding rates by the other
approaches, fully consistent with the results obtained by
the self-consistency and jackknife tests.

(3) A similar improvement was observed as well for the
ProtLock algorithm5 by using the pseudo-amino acid com-
position. However, for the least Hamming distance algo-
rithm16,17 and the least Euclidean distance algorithm,13

using the pseudo-amino acid composition only slightly
improved the prediction quality (e.g., for the cases of the 12
protein subcellular location predictions and the 9 mem-
brane protein location predictions, as shown in Tables II
and IV, respectively), and sometimes the prediction qual-
ity even diminished (e.g., for the case of the 5 membrane
protein type prediction, as shown in Table III). This is
because the simple geometry distance algorithms, such as
Hamming distance and Euclidean distance, have less
power in discriminating different clusters for overlapping

TABLE III. Overall Rates of Correct Prediction for the Five Membrane Protein Types by Different
Algorithms and Test Methods

Algorithm Input form

Test method

Self-
consistencya Jackknifea Independent data setb

Least Hamming distance
(Chou PY, 1980; 1989)

Amino acid compositionc 1293
2059

5 62.8%
1279
2059

5 62.1%
1751
2625

5 66.7%

Pseudo-amino acid compositiond 1236
2059

5 60.0%
1221
2059

5 59.3%
1657
2625

5 63.1%

Least Euclidean distance
(Nakashima et al., 1986)

Amino acid compositionc 1307
2059

5 63.5%
1293
2059

5 62.8%
1816
2625

5 69.2%

Pseudo-amino acid compositiond 1258
2059

5 61.1%
1249
2059

5 60.7%
1776
2625

5 67.7%

ProtLock (Cedano et al., 1997) Amino acid compositionc 1372
2059

5 66.6%
1348
2059

5 65.5%
1674
2625

5 63.8%

Pseudo-amino acid compositiond 1452
2059

5 70.5%
1401
2059

5 68.0%
1690
2625

5 64.4%

Covariant-discriminant
(Chou and Elrod, 1999)

Amino acid compositionc 1670
2059

5 81.1%
1573
2059

5 76.4%
2085
2625

5 79.4%

Pseudo-amino acid compositiond 1872
2059

5 90.9%
1665
2059

5 80.9%
2298
2625

5 87.5%

aConducted for the 2,059 membrane proteins classified into five different types as described in the text and Figure 3.
bConducted based on the rule parameters derived from the 2,059 membrane proteins for the 2,625 independent membrane proteins (see text).
cSee footnote c of Table II.
dThe pseudo-amino acid composition consists of 20 1 l components (Eq. 5). The optimal number for l is 20.
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distributions, as elucidated by Chou and Zhang.29 And for
these algorithms, the introduction of additional compo-
nents as was done with the pseudo-amino acid composition
might not necessarily lead to improvements.

(4) A question might be raised as asking whether the
improvements are really originated from incorporating the
sequence order effect or due to the limited numbers (and
limited variety) of structures in some of the categories.
This question can be addressed as follows. (a) To make a
comparison with the previous algorithms based on a
completely equivalent (i.e., “apple” to “apple”) condition,
we should use the same database. The data sets used here
were taken from the previous publications,8,9 where the
data were generated by strictly following certain screening
procedures to minimize the possibility of any two similar
sequences occurring in a same category. In addition, the
sequence matches performed between all members in each
category of proteins thus obtained have indicated that
most pairs have very low sequence identity (,20%). The
average sequence identity in each category is smaller than
12%. The number of pairs having high sequence identity
(.90%) is very small. For example, for the data set of 12
protein subcellular locations, the percentages of pairs
having .90% sequence identity in the chloroplast, cyto-
plasm, cytoskeleton, endoplasmic reticulum, extracellular,
Golgi apparatus, lysosome, mitochondria, nucleus, peroxi-
some, plasma membrane, and vacuole subsets are 0.12%,
0.04%, 0.036%, 0.034%, 0.02%, 0%, 0%, 0%, 0.01%, 0.057%,
0.01%, and 1.1%, respectively. Obviously, such a small
amount of high-sequence identity proteins cannot be the
origin of the remarkable gains; the significant improve-

ments shown in Tables II–IV must arise from effectively
counting sequence order effect by using the pseudo-amino
acid composition. Actually, exactly the same data sets
were used for computing the success rates by the algo-
rithms using the pseudo-amino acid composition and those
without using it, respectively. If there is any bias because
of the existence of some small amount of high similar
sequences, it would affect the results obtained by both
approaches, but not solely those by using the pseudo-
amino acid composition. (b) To further support the above
argument, let us consider the data set constructed by
Reinhardt and Hubbard.6 Their data set from prokaryotic
cells consists of 688 cytoplasmic proteins, 107 extracellular
proteins, and 202 periplasmic proteins. Within each cat-
egory, as described by them, “the sequence identity was
calculated between all pairs and sequences were kept such
that none had .90% sequence identity to any other.” For
such a data set, the success rate by subsampling cross
validation using neural networks was 81%, and that by
jackknife cross validation using the covariant-discrimi-
nant algorithm was 86.5%.7 Both results were obtained
based on the 20-D conventional amino acidcomposition.
However, when the sequence order effect has been taken
into account via the (20 1 l)-D pseudo-amino acid composi-
tion, the corresponding success rate obtained with the
covariant-discriminant algorithm was 90.0% when l 5 13,
indicating a remarkable improvement. (c) In statistical
predictions, a reported success rate is meaningful only
when it is associated with a given data set based on which
the rate was derived. Therefore, applied on different data
sets, a same prediction algorithm may yield different

TABLE IV. Overall Rates of Correct Prediction for the Nine Locations of Membrane Proteins by Different Algorithms and
Test Methods

Algorithm Input form

Test method

Self-
consistencya Jackknifea Independent data setb

Least Hamming distance
(Chou PY, 1980; 1989)

Amino acid compositionc 808
2105

5 38.4%
791
2105

5 37.6%
993
2698

5 36.8%

Pseudo-amino acid compositiond 868
2105

5 41.2%
842
2105

5 40.0%
1044
2698

5 38.7%

Least Euclidean distance
(Nakashima et al., 1986)

Amino acid compositionc 865
2105

5 41.1%
844
2105

5 40.1%
991
2698

5 36.7%

Pseudo-amino acid compositiond 884
2105

5 42.0%
855
2105

5 40.6%
1037
2698

5 38.4%

ProtLock (Cedano et al., 1997) Amino acid compositionc 1006
2105

5 47.8%
970
2105

5 46.1%
1044
2698

5 38.7%

Pseudo-amino acid compositiond 1194
2105

5 56.7%
1137
2105

5 54.0%
1257
2698

5 46.6%

Covariant-discriminant
(Chou and Elrod, 1999)

Amino acid compositionc 1569
2105

5 74.5%
1387
2105

5 65.9%
1810
2698

5 67.1%

Pseudo-amino acid compositiond 1910
2105

5 90.7%
1702
2105

5 80.9%
2121
2698

5 78.6%

aConducted for the 2,105 membrane proteins classified into nine different cellular locations as described in the text.
bConducted based on the rule parameters derived from the 2,105 membrane proteins for the 2,698 independent membrane proteins (see text).
cSee footnote c of Table II.
dThe pseudo-amino acid composition consists of 20 1 l components (Eq. 5). The optimal number for l is 21.
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success rates. Unless a training data set is complete or
quasi-complete, caution in using the current training data
sets for practical application is dictated by the caveat that
some protein cellular attributes might be mispredicted if
they fall outside the “frame” defined by the current limited
training data sets. (d) The goal of this study is not to
determine the possible upper limit of the success rate for
protein cellular attribute predictions, but to show that, for
the same database, the success rate can be significantly
improved after taking sequence order effect into account
through the pseudo-amino acid composition. This is be-
cause it is too premature to construct a complete or
quasi-complete training data set based on the protein
sequences available so far. Without a complete or quasi-
complete training data set, any attempt to determine such
an upper limit would be unjustified, and the result thus
obtained might be misleading no matter how powerful the
prediction algorithm is.

CONCLUSIONS

The existing algorithms for predicting the cellular at-
tributes of proteins were all based on the amino acid-
composition (see, e.g., Refs. 5, 6, and 8). This is because the
extremely large number of sequence order patterns in
proteins and their diverse lengths have made it very
difficult to take into account the sequence order effect, in
both the algorithm formulation and the training data
construction. To tackle such a difficult problem, a set of
discrete numbers was introduced to approximately reflect
the sequence order effect. The pseudo-amino acid composi-
tion is a combination of such a set of sequence correlation
factors and the 20 amino acid components. Thus, except for
the difference in dimension, the pseudo-amino acid compo-
sition has the same mathematical framework as the
conventional amino acid composition. Accordingly, all the
existing prediction algorithms based on the amino acid
composition can be straightforwardly extended to fit the
pseudo-amino acid composition. By using the pseudo-
amino acid composition, a remarkable improvement in
prediction quality has been observed for both the covariant-
discriminant algorithm8 and the ProtLock algorithm.5 The
success rates with the covariant-discriminant algorithm
using self-consistency and jackknife tests for the 12 pro-
tein subcellular location predictions were 85.8% and 73.0%,
respectively, the corresponding rates for the 5 membrane
protein type predictions 90.9% and 80.9%, and those for the 9
membrane protein location predictions 90.7% and 80.9%.

It is anticipated that the concept of pseudo-amino acid
composition and its mathematical framework and bio-
chemical implication may have a series of impacts on the
other areas of proteins as well.
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ERRATUM

Prediction of Protein Cellular Attributes Using
Pseudo-Amino Acid Composition
Kuo-Chen Chou
Computer-Aided Drug Discovery, Pharmacia, Kalamazoo, Michigan

PROTEINS: Struct Funct Genet 2001;43:246–255
Erratum published online 10 May 2001

(1) All the symbols l in Figure 1 of page 247 should be replaced by Q, as shown by the following figure:

(2) Right after Equation 1 of the same page, the following words should be inserted: “where R1 represents the residue at
sequence position 1, R2 the residue at position 2, and so forth. The sequence order . . .”.

(3) Equation 10 should read as

x# i
j 5

1
nj

O
k 5 1

nj

xk,i
j , ~i 5 1,2,. . .,20 1 l). (10)
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