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Abstract

Given an uncharacterized protein sequence, how can we identify whether it is a membrane protein or not? If it is, which membrane
protein type it belongs to? These questions are important because they are closely relevant to the biological function of the query protein
and to its interaction process with other molecules in a biological system. Particularly, with the avalanche of protein sequences generated
in the Post-Genomic Age and the relatively much slower progress in using biochemical experiments to determine their functions, it is
highly desired to develop an automated method that can be used to help address these questions. In this study, a 2-layer predictor, called
MemType-2L, has been developed: the 1st layer prediction engine is to identify a query protein as membrane or non-membrane; if it is a
membrane protein, the process will be automatically continued with the 2nd-layer prediction engine to further identify its type among the
following eight categories: (1) type I, (2) type II, (3) type III, (4) type IV, (5) multipass, (6) lipid-chain-anchored, (7) GPI-anchored, and
(8) peripheral. MemType-2L is featured by incorporating the evolution information through representing the protein samples with the
Pse-PSSM (Pseudo Position-Specific Score Matrix) vectors, and by containing an ensemble classifier formed by fusing many powerful
individual OET-KNN (Optimized Evidence-Theoretic K-Nearest Neighbor) classifiers. The success rates obtained by MemType-2L
on a new-constructed stringent dataset by both the jackknife test and the independent dataset test are quite high, indicating that Mem-
Type-2L may become a very useful high throughput tool. As a Web server, MemType-2L is freely accessible to the public at http://
chou.med.harvard.edu/bioinf/MemType.
� 2007 Elsevier Inc. All rights reserved.
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Introduction

As a ‘‘building block of life’’, a cell is deemed the most
basic structural and functional unit of all living organisms.
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It is highly organized with many functional units or organ-
elles according to the cellular anatomy. Most of these units
are ‘‘enveloped’’ by one or more membranes, which are the
structural basis for many important biological functions.
Although the lipid bilayer is the basic structure of mem-
branes, most of the specific functions of the cell membrane
are performed by the membrane proteins (see, e.g., [1,2]).
For example, it is through membrane proteins that mole-
cules can be transported into and out of cells by such meth-
ods as ion pumps, channel proteins and carrier proteins;
that various chemical messages such as nerve impulses
and hormone activity can be passed between cells; that
parts of the cytoskeleton can be attached to the cell
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membrane in order to provide shape; that cells can be
attached to an extracellular matrix in grouping cells
together to form tissues; and that the metabolism process
and body’s defense mechanisms can be completed.

Membrane proteins possess different types. The function
of a membrane protein is closely correlated with the type it
belongs to. For instance, the transmembrane proteins can
function on both sides of membrane or transport molecules
across it, whereas proteins that function on only one side of
the lipid bilayer are often associated exclusively with either
the lipid monolayer or a protein domain on that side. There-
fore, information about membrane protein type often offers
important clues toward determining the function of an
uncharacterized membrane protein. Furthermore, owing
to the fluid nature of their infrastructure, membrane proteins
can move around the cell membrane and hence they do not
sit in one place but can move to where their function is
required. Knowing the type of a membrane protein can pro-
vide insight into this kind of motion, which is indispensable
for studying the biological process at the cellular level from
the dynamic point of view. Therefore, it will certainly expe-
dite the pace in determining the function of uncharacterized
membrane proteins and in understanding their action pro-
cess if the knowledge of their type can be timely acquired.
Particularly, the number of sequences entering into data-
banks has been rapidly increasing. For instance, the number
of total protein sequence entries in Swiss-Prot was only 3939
in 1986; recently, the number jumped to 265,950 according
to the version 52.4 released on 01-May-2007 at http://
www.ebi.ac.uk/swissprot/, meaning that the number of the
entries now is more than 67 times the number of 1986! With
the explosion of protein sequences entering into databanks
and the fact that membrane proteins are encoded by
20–35% of genes but represent <1% of known protein struc-
tures to date [3], it is highly desirable to develop a sequence-
based automated method for fast and effectively identifying
a newly found protein according to the following two ques-
tions. (1) Is it a membrane protein? (2) If it is, which type
does it belong to?

Actually, during the last eight years various prediction
methods have been proposed in this area [4–14], yet all
these methods have some of the following problems needed
to be further addressed. (1) They were developed based on
such a prerequisite that the query protein was already
known belonging to membrane proteins without efforts
made to identify whether the query protein was a mem-
brane protein or non-membrane protein. To make the case
logically more reasonable and practically more useful, such
a procedure is indispensable. (2) The reported success rates
were derived based on a benchmark dataset without being
rigorously screened by a clear data-culling operation to
avoid redundancy and homologous bias, and hence the
reported success rates therein might be overestimated. (3)
Only five membrane types were covered; with the develop-
ment of protein databases, more types should be included
to increase the scope of practical application. (4) None of
these methods has provided a Web server for the public
usage, and hence their practical application value is quite
limited. In this paper the aforementioned four problems
will be explicitly addressed.

Materials

Protein sequences were collected from the Swiss-Prot database at
http://www.ebi.ac.uk/swissprot/ (version 51.0 released on 6-October-
2006). In order to collect as much desired information as possible and
meanwhile ensure a high-quality for the benchmark dataset, the data were
screened strictly according to the following criteria and order. (1)
Sequences annotated with ‘‘fragment’’ were excluded; also, sequences with
less than 50 amino acid residues were excluded because they might just be
fragments.(2) Sequences annotated with ambiguous or uncertain terms,
such as ‘‘potential’’, ‘‘probable’’, ‘‘probably’’, ‘‘maybe’’, or ‘‘by similar-
ity’’, were removed for further consideration. (3) For the sequences kept
after the above screen procedures that all have clear experimental anno-
tations, those annotated with ‘‘membrane protein’’ were stored in the
membrane protein reservoir Rmem; while the rest stored in the non-mem-
brane protein reservoir Rnon-mem. (4) Eight different membrane protein
types (Fig. 1) were found in Rmem; to reduce the homology bias, a
redundancy cutoff was operated by an in-house program to winnow those
sequences which have P80% sequence identity to any other in a same
membrane type. (5) A similar cutoff procedure was operated for the
sequences in Rnon-mem; from the data obtained after such a redundancy-
reducing cutoff procedure, sequences were randomly picked to form the
benchmark dataset for non-membrane proteins. Finally, we obtained a
dataset S containing 15,547 sequences of which 7582 belong to membrane
proteins while 7965 to non-membrane proteins. According to their
experimental annotations, the 7582 membrane proteins can be further
classified into eight subsets. Thus, we have

S ¼ S
non-mem [ S

mem

S
mem ¼ S

mem
1 [ S

mem
2 [ S

mem
3 [ S

mem
4 [ S

mem
5 [ S

mem
6 [ S

mem
7 [ S

mem
8

�

ð1Þ
where S

non-mem is the set containing non-membrane proteins only, [ is the
symbol for union in the set theory, Smem is the set containing membrane
proteins only, S

mem
1 is the subset containing the single-pass type I mem-

brane proteins only, S
mem
2 is that for type II only, and so forth (Table 1).

On the basis of the membrane protein dataset Smem, two working
datasets, i.e., a training dataset Smem

A and an independent testing dataset
S

mem
B , were constructed. In order to fully use the data in S

mem and
meanwhile guarantee that S

mem
A and S

mem
B be completely independent of

each other, the following condition was imposed:

S
mem
A [ S

mem
B ¼ S

mem and S
mem
A \ S

mem
B ¼£ ð2Þ

where [, \, and B represent the symbols for ‘‘union’’, ‘‘intersection’’, and
‘‘empty set’’ in the set theory, respectively. To avoid the situation that the
numbers of proteins in some subsets of the training dataset S

mem
A might

overwhelm those of the others, the following ‘‘bracket percentage distribu-
tion’’ criterion was used to randomly assign the protein samples to the cor-
responding subsets of S

mem
A and S

mem
B :

nA
i ¼ 500þ INTfðni � 500Þ � 0:2g if ni P 500

nA
i ¼ INTfni � 0:8g if ni < 500

nB
i ¼ ni � nA

i

8><
>: ði ¼ 1; 2; � � � ; 8Þ ð3Þ

where ni is the number of protein samples in the ith subset of the original
membrane protein dataset Smem (Eq. (1)), nA

i that of the training dataset
S

mem
A (Eq. (2)), nB

i that of the testing dataset S
mem
B , and the symbol INT is

the ‘‘integer truncation operator’’ meaning to take the integer part for the
number in the brackets right after it. The numbers of proteins thus obtained
for the eight membrane protein types in the training dataset Smem

A and testing
dataset S

mem
B are given in Table 2. The accession numbers and sequences for

the corresponding membrane proteins in the training and testing datasets
are given in Online Supporting Information A and B, respectively. Also,
the accession numbers and sequences for the non-membrane protein bench-
mark dataset S

non-mem are given in Online Supporting Information C.
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Fig. 1. Schematic illustration to show the eight types of membrane proteins: (1) type I transmembrane, (2) type II, (3) type III, (4) type IV, (5) multipass
transmembrane, (6) lipid-chain-anchored membrane, (7) GPI-anchored membrane, and (8) peripheral membrane. As shown in the figure, types I, II, III,
and IV are all of single-pass transmembrane proteins; see [56] for a detailed description about their difference.

Table 1
Breakdown of the membrane and non-membrane protein sequences
obtained by following steps (1)–(5) in Materials

Attribute Type Subset Number of sequences

Membrane Single-pass type I Smem
1 1054

Single-pass type II Smem
2 390

Single-pass type III Smem
3 30

Single-pass type IV Smem
4 56

Multipass Smem
5 4581

Lipid-chain-anchor Smem
6 189

GPI-anchor Smem
7 228

Peripheral Smem
8 1054

Overall Smem 7582

Non-membrane Snon-mem 7965

Table 2
Number of membrane proteins in each of the eight types for the training
and testing datasets randomly generated according to Eq. (3)

Subset Type Number of
sequences
in the training
dataset Smem

A

Number of
sequences
in the testing
dataset Smem

B

Smem
1 Single-pass type I 610 444

Smem
2 Single-pass type II 312 78

Smem
3 Single-pass type III 24 6

Smem
4 Single-pass type IV 44 12

Smem
5 Multipass 1316 3265

Smem
6 Lipid-chain-anchor 151 38

Smem
7 GPI-anchor 182 46

Smem
8 Peripheral 610 444

Smem Overall 3249 4333
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Methods

Once the benchmark dataset is established, the subsequent problem is
how to find an effective prediction engine and use what kind of profile to
represent the protein samples for training the engine and conducting the
prediction. Translated into a mathematical language, the problem can be
formulated as

Q@P ¼ C 2
Snon-mem [ Smem if among non-membrane and membrane

Smem if among eight membrane protein types

�

ð4Þ

where Q represents the prediction engine, P the query protein, @ is an ac-
tion operator, C the predicted result, 2 is a symbol in the set theory mean-
ing ‘‘member of’’, and S is defined by Eq. (1). Before the prediction engine
can be used, it must be trained by a training dataset where all the proteins
must have the same profile as that of the query protein P.

Various prediction engines have been introduced in this regard, such as
BLAST [15], Covariant Discriminant algorithm [16], SVM [6,17],
Weighted-SVM [7], SLLE [10], KNN [18,19], and Fuzzy-KNN [11]. In this
study, the OET-KNN (Optimized Evidence-Theoretic K Nearest Neigh-
bor) classifier was utilized to identify the membrane proteins and their
types. The OET-KNN classifier is a very powerful classification engine as
demonstrated by its role in enhancing the success rates of protein sub-
cellular localization [20], where a detailed formulation of OET-KNN
classifier can be found.

As for the representation of protein samples, two different models were
generally adopted: (1) sequential model; (2) discrete model. In the
sequential model, the sample of a protein is represented by its amino acid
sequence, and the sequence similarity search-based tools such as BLAST
[21] are used to conduct prediction. However, this approach failed to work
when a query protein did not have significant homology to character-
known proteins. Thus, various discrete models were introduced by
representing the sample of a protein with a set of discrete numbers. The
simplest discrete model is to represent the sample of a protein with its
amino acid composition (AAC) (see, e.g., [22–24]). However, in the AAC
model, all the sequence-order effects are lost. To avoid completely lose
the sequence-order information, the pseudo amino acid composition
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(Pse-AAC) was introduced [25]. Using the Pse-AAC discrete model to
represent protein samples can incorporate some sequence-order informa-
tion through a set of correlation factors called ‘‘pseudo amino acid
components’’, and hence remarkably enhance the success rates in pre-
dicting various attributes of proteins as demonstrated by a series of recent
publications (see, e.g., [26–37]). Because the Pse-AAC discrete model has
been increasingly used, recently a Web server called PseAA was
established at http://chou.med.harvard.edu/bioinf/PseAA/. Using the
Web server, one can easily generate the pseudo amino acid components
for any given protein sequence.

In this study, we are to introduce a new representation for the sample
of a protein by incorporating its evolution information. To realize this, the
PSSM (Position-Specific Scoring Matrix) [15] was used; i.e., the sample of
a protein sequence P is represented by:

PPSSM ¼

E1!1 E1!2 � � � E1!20

E2!1 E2!2 � � � E2!20

..

. ..
. ..

. ..
.

Ei!1 Ei!2 � � � Ei!20

..

. ..
. ..

. ..
.

EL!1 EL!2 � � � EL!20

2
66666666664

3
77777777775

ð5Þ

where Ei!j represents the score of the amino acid residue in the i-th posi-
tion of the protein sequence being changed to amino acid type j during the
evolution process. Here, the numerical codes 1, 2, . . . ,20 are used to de-
note the 20 native amino acid types according to the alphabetical order
of their single character codes. The L · 20 scores in Eq. (5) were generated
by using PSI-BLAST [15] to search the Swiss-Prot database (version 52.0
released on 6-March-2007) through three iterations with 0.001 as the E-va-
lue cutoff for multiple sequence alignment against the sequence of the pro-
tein P, followed by a standardization procedure given below:

Ei!j ¼
E0

i!j � 1
20

P20
k¼1E

0
i!kffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1
20

P20
u¼1ðE0

i!u � 1
20

P20
k¼1E

0
i!kÞ

2
q ði ¼ 1; 2; � � � ;L; j ¼ 1; 2; � � � ; 20Þ

ð6Þ

where E0
i!j represent the original scores directly created by PSI-BLAST

that are generally shown as positive or negative integers. The standardized
scores will have a zero mean value over the 20 amino acids and will re-
mained unchanged if going through the same conversion procedure again.
The positive score means that the corresponding mutation occurs more
frequently in the alignment than expected by chance, while the negative
one means just the opposite. However, according to the PSSM descriptor
(Eq. (5)), proteins with different lengths will correspond to row-different
matrices. To make the PSSM descriptor become a size-uniform matrix,
one possible approach is to represent a protein sample P by

�PPSSM ¼ ½ �E1
�E2 � � � �E20 �T ð7Þ

where T is the transpose operator, and

�Ej ¼
1

L

XL

i¼1

Ei!j ðj ¼ 1; 2; � � � ; 20Þ ð8Þ

where �Ej represents the average score of the amino acid residues in the pro-
tein P being changed to amino acid type j during the evolution process.
However, if �PPSSM of Eq. (7) was used to represent the protein P, all the
sequence-order information during the evolution process would be lost.
To avoid complete loss of the sequence-order information, the concept
of the pseudo amino acid composition as originally proposed in [25,38]
was adopted; i.e., instead of Eq. (7), let us use the pseudo position-specific
scoring matrix (Pse-PSSM) as given by

Pn
Pse-PSSM ¼ ½ �E1

�E2 � � � �E20 Gn
1 Gn

2 � � � Gn
20
�T ð9Þ

to represent the protein P, where

Gn
j ¼

1

L� n

XL�n

i¼1

½Ei!j � EðiþnÞ!j�2 ðj ¼ 1; 2; � � � ; 20; n < LÞ ð10Þ
meaning that G1
j is the correlation factor by coupling the most contiguous

PSSM scores along the protein chain for the amino acid type j; G2
j that by

coupling the second-most contiguous PSSM scores; and so forth. Note
that, as mentioned in the Material section, the length of the shortest pro-
tein sequence in the benchmark dataset is L = 50, and hence the value al-
lowed for n in Eq. (10) must be smaller than 50. When n = 0, Gn

j becomes a
naught element and Eq. (6) is degenerated to Eq. (7).

Thus, according to the Pse-PSSM descriptor (Eqs. 9 and 10) a protein
can be represented by one 20-D (dimensional) vector (n = 0) and 49 dif-
ferent 40-D vectors each of which corresponds to a different n (1, � � � , or
49). To avoid the over-fitting problem and reducing the cluster-tolerance
capacity [39], instead of combining the 50 individual vectors
(n = 0,1,2, � � � , 49) into one (20 + 40 · 49) = 1980-D vector, let us intro-
duce an ensemble classifier by fusing the results obtained based on each of
the individual vector descriptors through a voting system as formulated
below.

As mentioned above, in this study the OET-KNN was used as the
prediction engine and the query protein P represented by Pn

Pse-PSSM. Thus,
according to Eq. (4) we have

OET-KNN@Pn
Pse-PSSM ¼ CðK; nÞ

2
Snon-mem [ Smem if among non-membrane and membrane

Smem if among eight membrane protein types

�
ð11Þ

ðK ¼ 1; 2; � � � ; 10; n ¼ 0; 1; � � � ; 49Þ

where K is the number of the nearest proteins counted against the query
protein during the prediction process, while C(1,0) is the result predicted
with OET-KNN on P0

Pse-PSSM according to the 1-nearest-neighbor rule,
C(2,1) is the result predicted with OET-KNN on P1

Pse-PSSM according to
the 2-nearest-neighbor rule, and so forth. Generally speaking, for most
training datasets, when K > 10 the success rate drops down remarkably
and hence we can narrow the scope of K from 1 to 10. The
10 · 50 = 500 results of C(K,n) in Eq. (11) were fused into one through
the following voting mechanism:

Suppose the voting score for the query protein P belonging to the i-th
group Gi is given by

Qi ¼
X10

K¼1

X49

n¼0

wK;nDfCðK; nÞ;Gig; ði ¼ 1; 2; � � � ;mÞ ð12Þ

where wK,n is the weight and was set at 1 for simplicity, the delta function
in Eq. (12) is given by

DfCðK; nÞ;Gig ¼
1 if CðK; nÞ 2 Gi

0; otherwise

�
ði ¼ 1; 2; � � � ;mÞ ð13Þ

thus the query protein P is predicted belonging to the group or subset for
which the score of Eq. (12) is the highest; i.e.,

l ¼ arg maxifQig; ði ¼ 1; 2; � � � ;mÞ ð14Þ

where l is the argument of i that maximize Qi. If there is a tie among two
or more subsets, then the final outcome will be randomly assigned to one
of their corresponding subsets although this kind of tie case rarely happens
and actually was not observed in the current study.

The above algorithm is called Pse-PSSM OET-KNN ensemble classi-
fier. When it is used to identify a query protein as membrane or non-
membrane (m = 2), just substitute G1 and G2 of Eqs. 12 and 13 with Smem

and S
non-mem, respectively; however, when used for identifying the mem-

brane protein type (m = 8), S
mem
i (i = 1,2, � � � , 8) should be used to sub-

stitute Gi. The overall predictor is called MemType-2L.
To provide an intuitive picture, a flowchart to show the process of how

the Pse-PSSM OET-KNN ensemble classifier works is given in Fig. 2A,
and the corresponding flowchart for the MemType-2L given in Fig. 2B.

Results and discussion

In statistical prediction the independent dataset test,
sub-sampling test, and jackknife test are often used in

http://chou.med.harvard.edu/bioinf/PseAA/
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Fig. 2. A flowchart to show (A) the Pse-PSSM OET-KNN ensemble classifier, and (B) the MemType-2L.

Table 3
Success rates in discriminating membrane and non-membrane proteins by
the jackknife test with different methods

Protein Least Euclidean
distance [54] (%)

ProtLoc [55] (%) MemType-2L (%)

Membranea 5320
7582 ¼ 70:2 5512

7582 ¼ 72:7 6897
7582 ¼ 91:0

Non-
membraneb

6688
7965 ¼ 84:0 6754

7965 ¼ 84:8 7520
7965 ¼ 94:4

Overall 12008
15547 ¼ 77:2 12266

15547 ¼ 78:9 14417
15547 ¼ 92:7

a The data for the membrane proteins were taken from Smem (Table 1),
and their sequences are given in Online Supporting Information A and B.

b The data for the non-membrane proteins were taken from Snon-mem

(Table 1), and their sequences are given in Online Supporting Information C.

Table 4
Success rates in identifying membrane protein types by the jackknife test and

Type Jackknife test

Least Euclidean
distance [54] (%)

ProtLoc [55]
(%)

MemT
(%)

Single-pass type I 329
610 ¼ 53:9 329

610 ¼ 53:9 532
610 ¼ 8

Single-pass type II 227
312 ¼ 29:2 125

312 ¼ 40:1 227
312 ¼ 7

Single-pass type III 9
24 ¼ 37:5 8

24 ¼ 33:3 10
24 ¼ 4

Single-pass type IV 32
44 ¼ 72:7 29

44 ¼ 65:9 33
44 ¼ 7

Multipass 948
1316 ¼ 72:0 834

1316 ¼ 63:4 1260
1316 ¼

Lipid-chain-anchor 67
151 ¼ 44:4 69

151 ¼ 45:7 85
151 ¼ 5

GPI-anchor 125
182 ¼ 42:3 78

182 ¼ 42:9 125
182 ¼ 6

Peripheral 126
610 ¼ 20:7 78

610 ¼ 12:8 491
610 ¼ 8

Overall 1679
3249 ¼ 51:7 1688

3249 ¼ 52:0 2763
3249 ¼

aThe jackknife test was performed on the 3,249 membrane proteins in the datas
of the proteins in Smem

A .
bPredictions were made by the ensemble classifier trained with the data in

Information B for the sequences of the proteins in Smem
B .
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literatures for examining the accuracy of a predictor.
Among the three cross-validation examinations, the jack-
knife test is deemed the most rigorous and objective [40],
and hence has been increasingly adopted by investigators
[7–9,11–13,19,24,26–29,31–35,37,41–53] in examining the
quality of various prediction methods. Therefore, the accu-
racy of a predictor should be mainly evaluated by the suc-
cess rate of the jackknife test. However, as a demonstration
to show the practical application, predictions were also
made on the independent dataset Smem

B as done in [4].
The predicted results obtained by MemType-2L are

given in Tables 3 and 4, where, for facilitating comparison,
the corresponding results by the other methods are also
independent dataset test with different methods

Independent dataset test

ype-2L Least Euclidean
distance [54] (%)

ProtLoc [55]
(%)

MemType-2L
(%)

7:2 229
444 ¼ 51:6 241

444 ¼ 54:3 386
444 ¼ 86:9

2:8 27
78 ¼ 34:6 35

78 ¼ 44:9 55
78 ¼ 70:5

1:7 1
6 ¼ 16:7 2

6 ¼ 33:3 2
6 ¼ 33:3

5:0 7
12 ¼ 58:3 8

12 ¼ 66:7 8
12 ¼ 66:7

95:7 2282
3265 ¼ 69:9 1148

3265 ¼ 35:2 3103
3265 ¼ 95:0

6:3 14
38 ¼ 36:8 15

38 ¼ 39:5 16
38 ¼ 42:1

8:7 18
46 ¼ 39:1 22

46 ¼ 47:8 35
46 ¼ 76:1

0:5 81
444 ¼ 18:2 139

444 ¼ 31:3 365
444 ¼ 82:2

85:0 2659
4333 ¼ 61:4 1610

4333 ¼ 37:2 3970
4333 ¼ 91:6

et Smem
A (Table 2). See Online Supporting Information A for the sequences

Smem
A on the 4333 membrane proteins in Smem

B . See Online Supporting
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listed. From the two tables, the following outcomes have
been observed. (1) The overall jackknife success rate by
the current MemType-2L in discriminating membrane
and non-membrane proteins is 92.7%, which is about 13–
16% higher than those by the least Euclidean algorithm
[54] and ProtLoc [55] based on the conventional amino acid
composition. (2) The overall jackknife success rate by
MemType-2L in identifying the membrane protein type is
85.0%, which is about 33% higher than those by the other
methods. (3) The overall independent dataset test success
rate is 91.6%, which is about 30–54% higher than those
by the other methods. All these indicate that MemType-
2L is indeed very useful in identifying membrane proteins
and their types.

Conclusion

MemType-2L is a 2-layer predictor: the 1st layer predic-
tion engine is to identify whether a query protein is mem-
brane or not; the 2nd layer is to identify its type if the
outcome from the 1st layer turns out to be positive. Com-
pared with the existing predictors covering only 5–6 mem-
brane protein types, MemType-2L can cover eight types.
The high success rates obtained by MemType-2L is because
(1) it takes into account the evolution information by rep-
resenting the protein samples with the Pse-PSSM vectors
derived from the results generated by PSI-BLAST, and
(2) it operates by fusing many powerful individual classifi-
ers so as to minimize both the information-missing prob-
lem and the over-fitting problem.

To support the people working in the relevant area, a
Web server called MemType-2L is provided at http://
chou.med.harvard.edu/bioinf/MenType that is freely
accessible to the public and very user-friendly as well.

Appendix A. Supplementary data

Supplementary data associated with this article can be
found, in the online version, at doi:10.1016/j.bbrc.
2007.06.027.
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