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Abstract

Knowledge of membrane protein type often provides crucial hints toward determining the function of an uncharacterized mem-
brane protein. With the avalanche of new protein sequences emerging during the post-genomic era, it is highly desirable to develop
an automated method that can serve as a high throughput tool in identifying the types of newly found membrane proteins according
to their primary sequences, so as to timely make the relevant annotations on them for the reference usage in both basic research and
drug discovery. Based on the concept of pseudo-amino acid composition [K.C. Chou, Proteins: Struct. Funct. Genet. 43 (2001) 246–
255; Erratum: Proteins: Struct. Funct. Genet. 44 (2001) 60] that has made it possible to incorporate a considerable amount of
sequence-order effects by representing a protein sample in terms of a set of discrete numbers, a novel predictor, the so-called ‘‘op-
timized evidence-theoretic K-nearest neighbor’’ or ‘‘OET-KNN’’ classifier, was proposed. It was demonstrated via the self-consis-
tency test, jackknife test, and independent dataset test that the new predictor, compared with many previous ones, yielded higher
success rates in most cases. The new predictor can also be used to improve the prediction quality for, among many other protein
attributes, structural class, subcellular localization, enzyme family class, and G-protein coupled receptor type. The OET-KNN
classifier will be available as a web-server at www.pami.sjtu.edu.cn/kcchou.
� 2005 Elsevier Inc. All rights reserved.
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A cell is highly organized with many functional units
or organelles and is enclosed by the plasma membrane.
Membrane proteins are crucial for many biological
functions and have become attractive targets for drug
discovery. Although the basic structure of biological
membranes is provided by the lipid bilayer, most of
the specific functions are performed by the membrane
proteins [1,2]. The way that a membrane-bound protein
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is associated with the lipid bilayer usually reflects its
function. For example, the transmembrane proteins
can function on both sides of membrane and transport
molecules from one side to the other; whereas the pro-
teins that associated with one side of the lipid monolayer
can only function on that side [1,2]. Membrane proteins
can generally be classified into the following types [3]:
(1) type-I membrane protein; (2) type-II membrane pro-
tein; (3) multipass transmembrane proteins; (4) lipid-
chain-anchored membrane proteins; (5) GPI-anchored
membrane proteins (Fig. 1). With the rapid development
in molecular biology, the number of protein sequences
has increased significantly, as reflected by the fact that
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Fig. 1. Schematic drawing showing the following five types of membrane proteins: (A) type-I transmembrane, (B) type-II transmembrane, (C)
multipass transmembrane, (D) lipid-chain-anchored membrane, and (E) GPI-anchored membrane. As shown in the figure, although both type-I and
type-II membrane proteins are of single-pass transmembrane, type-I has a cytoplasmic C-terminus and an extracellular or luminal N-terminus for
plasma membrane or organelle membrane, respectively, while the arrangement of N- and C-termini in type-II membrane proteins is just reverse. No
such distinction was drawn between the extracellular (or luminal) and cytoplasmic sides for the other three types in the current classification scheme.
Reproduced from [11] with permission.
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the total number of protein sequence entries in SWISS-
PROT [4] of 2004 is 42 times that of 1986! It is both
time-consuming and expensive to determine the types
of newly found membrane proteins with traditional
experiments. The unbalanced situation has called for
finding solutions through bioinformatics. In a pioneer-
ing work, Chou and Elrod [3] introduced the covariant
discriminant algorithm to predict the types of membrane
proteins based on their amino acid composition. The
covariant discriminant algorithm is actually a combina-
tion of the ‘‘Mahalanobis distance’’ [5–7] and the invari-
ance principle for treating degenerative space [8] that is
cited in the literature as ‘‘Chou�s invariance theorem’’
(see, e.g. [9,10]). Subsequently, a series of prediction
models were proposed in this area [11–22]. Most of the
existing prediction methods fall into two categories:
one is based on the conventional amino acid composi-
tion, and the other based on the ‘‘pseudo-amino acid
composition.’’ The concept of the ‘‘pseudo-amino acid
composition’’ was originally proposed by Chou [11]
for incorporating the protein sequence-order effect in
terms of a set of discrete numbers so that many existing
analytical prediction algorithms can be straightforward-
ly applied to deal with it.

On the basis of the pseudo-amino acid composition,
here we introduce a different classifier, the so-called ‘‘op-
timized evidence-theoretic KNN (K-nearest neighbor)
classifier’’ [23], for predicting the types of membrane
proteins. The new classifier is very promising, and may
become a powerful tool in bioinformatics and
proteomics.
Pseudo-amino acid composition

First of all, let us briefly introduce the concept of
‘‘pseudo-amino acid composition’’ originally proposed
by Chou [11]. According to the classical definition, the
amino acid composition of a protein is defined by 20 dis-
crete numbers with each representing the occurrence fre-
quency of one of the 20 native amino acids in the
protein. Thus, in terms of amino acid composition, a
protein can be expressed by a point or a vector in a
20D (dimensional) space as defined by [7,8,24–26]

X ¼

x1
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2
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where x1, x2, . . ., x20 are the composition components of
20 amino acids for the protein X. However, if using the
20D amino acid composition to represent a protein, all
its sequence-order and sequence-length effects would
be lost. In view of this, instead of the conventional ami-
no acid composition, Chou [11] proposed to represent a
protein sample by its pseudo-amino acid composition,
which is defined in a (20 + k)D space as given below:
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where the first 20 components are the same as those in
the conventional amino acid composition, and x20+1,
. . ., x20+k are the factors related to k different ranks of
sequence-order correlations that can be easily computed
by Eqs. (2)–(6) of Chou [11]. For example, k = 60 means
taking the first 60 ranks of sequence-order correlations
into consideration. Thus according to Eq. (2), a protein
sample is represented by a (20 + k)D = 80D vector.
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Algorithms

K-nearest neighbor classifier

Considering the problem of classifying N entities
into M classes, which can be formulated as X =
{w1,w2, . . . ,wM}, where wi denotes the ith class. The
available information is assumed to consist in a training
dataset T = {(X1,c1), . . . , (XN,cN)} of N patterns Xi

(i = 1,2, . . . ,N) and their corresponding class labels ci
(i = 1,2, . . . ,N) taking values in X. K-nearest neighbor
(KNN) rule [27] is well known in the pattern recognition
literature. According to this rule, an unclassified pattern
X is assigned to the class represented by a majority of its
K-nearest neighbors in T. This rule is usually called
‘‘voting KNN rule.’’ KNN is popular in pattern recog-
nition community due mainly to its good performance
and its simple-to-use feature. Since the inception of
KNN some modified versions have been proposed in or-
der to improve its performance.

Dempster–Shafer theory

In the Dempster–Shafer (D–S) theory, a problem is
represented by a setH of mutually exclusive and exhaus-
tive hypotheses called the frame of discernment [28].
Denoting all the subsets of H as 2H, then we can define
a basic belief assignment (BBA) mapping function m

from 2H to [0,1], which can be formulated as: m:2H fi
[0, 1]. BBA function m satisfies m (/) = 0 andP

A�HmðAÞ ¼ 1, where / denotes the empty set. The
quantity m (A) represents the belief that one is willing
to commit exactly to A, given the available evidence.
If m (A) > 0, A is called the focal element of m.

Associated with BBAm are a belief or credibility func-
tionBel and a plausibility functionPl, defined, respective-
ly as:BelðAÞ ¼

P
B�AmðBÞ and PlðAÞ ¼

P
A\B 6¼/mðBÞ. The

quantity Bel (A) can be interpreted as a global measure of
one�s belief that hypothesis A is true, while Pl (A) may be
viewed as the amount of belief that could potentially be
placed in A. For further information, please refer to [28].

Two BBAs m1 and m2 on H, induced by two indepen-
dent items of evidence, can be combined by the so-called
Dempster�s rule of combination to yield a new BBA:
m = m1 ¯ m2, where ¯ is called the orthogonal sum of
m1 and m2, and defined as:

mðAÞ ¼
P

A1\A2¼Am
1ðA1Þm2ðA2ÞP

A1\A2 6¼/m
1ðA1Þm2ðA2Þ

. ð3Þ

The orthogonal sum of ¯ is commutative and
associative.

Evidence-theoretic KNN rule

The evidence-theoreticK-nearest neighbor (ET-KNN)
rule is a pattern classificationmethod based on theDemp-
ster–Shafer theory of belief functions [29]. In this ap-
proach, each neighbor of a pattern to be classified is
considered as an item of evidence supporting certain
hypotheses concerning the class membership of that pat-
tern. Based on this evidence, basic beliefmasses (BBA) are
assigned to each subset of the set of classes. Such masses
are obtained for each of the K-nearest neighbors of the
pattern under consideration and aggregated using the
Dempster�s rule of combination [28]. A decision is made
by assigning a pattern to the class with the maximum
credibility.

Let X = {w1,w2, . . . ,wM} denote the M classes. Con-
sidering X to be classified and Wk is the set of its K-near-
est neighbors in a training set T. For any Xi 2 Wk, the
knowledge that Xi belongs to class wq (wq 2 X) can be
considered as a piece of evidence that increases our belief
that X also belongs to wq. This item of evidence can be
represented by a BBA mi assigning a fraction aiq of the
unit mass to the singleton {wq} and the rest to X:

miðfwqgÞ ¼ aiq; ð4Þ

miðXÞ ¼ 1� aiq; ð5Þ

with mi (A) = 0 for all A ˝ X and A 62 {X, {wq}} [29].
The mass aiq is chosen as a decreasing function of the
Euclidean distance d i between X and Xi

aiq ¼ a0 expð�c2qðdiÞ2Þ; ð6Þ
where cq is a parameter associated to class wq and a0 is a
fixed parameter. The BBAs m1,m2, . . . ,mk correspond-
ing to the K-nearest neighbors of X can then be com-
bined using Dempster�s rule (see Eq. (3)):
m = m1 ¯ m2 ¯ . . . ¯ mk. Hence, we can obtain the
credibility and plausibility of each class wq

(q = 1,2, . . . ,M): Bel ({wq}) = m ({wq}) and
Pl ({wq}) = m ({wq}) + m (X).

A decision is made by assigning a query sample X to
the class wqmax with maximum credibility (or equivalent-
ly, maximum plausibility); i.e.,

X ) argmax
q

mðfwqgÞ. ð7Þ
Optimized evidence-theoretic KNN rule

In the above description of ET-KNN rule, how to se-
lect the parameters a0 and R = (c1, . . . ,cM)t is not ad-
dressed. Whereas the value of a0 proves in practice not
to be too critical, the tuning of R = (c1, . . . ,cM)t was
found experimentally to have significant influence on
classification accuracy. In 1998 an optimization proce-
dure to determine the optimal or near-optimal parame-
ter values was proposed from the data by minimizing an
error function [23]. It was observed that the Optimized
evidence-theoretic KNN (OET-KNN) rule obtained
through such an optimization treatment would lead to
a substantial improvement in classification accuracy.



Table 1
Overall rates of correct prediction for the five membrane protein types by different algorithms and test methods

Algorithm Sample representation Test method (%)

Self-consistencya Jackknifea Independent datasetb

Least Hamming distance [25] Amino acid composition 1293/2059=62.8 1279/2059=62.1 1751/2625=66.7
Least Euclidean distance [26] Amino acid composition 1307/2059=63.5 1293/2059=62.8 1816/2625=69.2
ProtLock [37] Amino acid composition 1372/2059=66.6 1348/2059=65.5 1674/2625=63.8
Covariant-discriminant [3] Amino acid composition 1670/2059=81.1 1573/2059=76.4 2085/2625=79.4
OET-KNN (K = 4) Pseudo-amino acid compositionc [11] 2049/2059=99.5 1743/2059=84.7 2472/2625=94.2

a Conducted for the 2059 membrane proteins classified into five different types as described in the text.
b Conducted based on the rule parameters derived from the 2059 membrane proteins for the 2625 independent membrane proteins.
c See Eq. (2) with k = 60.
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Results and discussion

The same training dataset originally constructed by
Chou and Elrod [3] was used for the current study.
It contains 2059 membrane protein sequences, of
which 435 are type-I transmembrane proteins, 152 are
type-II transmembrane proteins, 1311 are multipass
transmembrane proteins, 51 are lipid-chain-anchored
transmembrane proteins, and 110 are GPI-anchored
transmembrane proteins.

The demonstration of the optimized evidence-theo-
retic KNN was conducted by three most typical
approaches in statistical prediction: re-substitution,
jackknife test, and independent dataset test [30]. The
independent dataset was also taken from Chou and El-
rod [3] that contains 2625 proteins, of which 478 are
type-I transmembrane proteins, 180 are type-II trans-
membrane proteins, 1867 are multipass transmembrane
proteins, 14 are lipid-chain-anchored transmembrane
proteins, and 86 are GPI-anchored transmembrane pro-
teins. For OET-KNN classifier, there are many options
for the distance metric, such as Euclidean distance met-
ric, Hamming distance metric, etc. In this paper, we
adopted the metric of Euclidean distance for calculation.
The results thus obtained are given in Table 1. For facil-
itating comparison, the results by other approaches
using different sample representations are also listed in
the same table.

As we can see from Table 1, the success rates by the
current OET-KNN classifier are higher than those by
the previous approaches, including the case obtained
by the jackknife test which is deemed the most rigorous
and objective cross validation procedure in comparison
with the other test procedures [9,30–32].
Conclusions

The optimized evidence-theoretic K-nearest neighbor
classifier, or OET-KNN classifier, is a very powerful
predictor in identifying the type of an uncharacterized
membrane protein. It is anticipated that the power of
predicting membrane protein types will be further en-
hanced if the OET-KNN classifier can be effectively
complemented with other existing powerful algorithms,
such as the covariant discriminant algorithms [3,33],
the pseudo-amino acid composition approach [10–12],
the functional domain composition approach [14], the
weighted-support vector machine approach [15], the
supervise locally linear embedding (SLLE) approach
[16], cellular automata approach [18], and the GO-
PseAA approach [13]. Also, it has not escaped our no-
tice that the OET-KNN classifier as introduced here
may have a positive impact in improving the prediction
quality for many other protein attributes [34], such as
protein structural class [7,8,25,26,32,35,36], protein sub-
cellular localization [9,10,17,37–43], enzyme family and
subfamily class [44–46], G-protein coupled receptor type
[47,48], and protein quaternary structure types [49],
among many others.
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