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Abstract

Membrane proteins play an important role in many biological processes and are attractive drug targets. Determination of membrane
protein structures or topologies by experimental methods is expensive and time consuming. Effective computational method in predicting
the membrane protein types can provide useful information for large amount of protein sequences emerging in the post-genomic era.
Although numerous algorithms have addressed this issue, the methods of extracting efficient protein sequence information are very limit.
In this study, we provide a method of extracting high order sequence information with the stepwise discriminant analysis. Some impor-
tant amino acids and peptides that are distinct for different types of the membrane proteins have been identified and their occurrence
frequencies in membrane proteins can be used to predict the types of the membrane proteins. Consequently, an accuracy of 86.5% in
the cross-validation test, and 99.8% in the resubstitution test has been achieved for a non-redundant dataset, which includes type-I,
type-II, multipass transmembrane proteins, lipid chain-anchored and GPI-anchored membrane proteins. The fingerprint features of
the identified peptides in each membrane protein type are also discussed.
� 2006 Elsevier Inc. All rights reserved.
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All living cells are enveloped by membranes, which are
composed primarily of lipids and proteins. Membrane pro-
teins are embedded in the lipid bilayer, which creates a suit-
able environment for their actions. Although the physical
aspects of protein–lipid interactions is poorly understood,
it is believed that most of the specific functions are carried
out by the membrane proteins and their associations with
the lipid bilayer [1,2]. As a result, membrane proteins are
attractive targets for drug design. For example, proteins
on the surface of the malaria parasite are attractive candi-
dates for inclusion in a malaria vaccine as they are accessi-
ble to plasma antibodies that block parasite invasion of
host cells [3]. Membrane apical antigen 1 (AMA1) and a
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series of merozoite surface proteins (MSP1-10) of human
malaria parasite Plasmodium falciparum (Pf) belong to such
kind of proteins [3–5].

There are mainly five kinds of membrane proteins. The
function of each type of membrane proteins is closely relat-
ed their topologies. For example, PfAMA1 is a type-I
membrane protein, which contains one transmembrane
domain, N-terminal extracellular domain and C-terminal
intracellular domain. The ectodomain appears to be impor-
tant in orienting the merozoite on the erythrocyte surface
prior to invasion, and lead to AMA1 to be an important
malaria vaccine candidate. On the other hand, the majority
of glycosylation enzymes are type-II membrane proteins
(N-term in, C-term out). It is now clear that the targeting
of Golgi resident enzymes is intimately associated with
the organization of Golgi membranes and the control of
protein and lipid traffic in both anterograde and retrograde
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directions [6]. Compared with single transmembrane pro-
teins, E1-E2_ATPase contains six putative transmembrane
helices, and has been indicated to transport heavy metal
ions, as the function of many multipass transmembrane
proteins [7]. In contrast to the above integral membrane
proteins, anchored membrane proteins modified by the
lipophilic moieties, such as by fatty acids, isoprenoids,
and glycosylphosphatidylinositol (GPI) anchor, often regu-
late protein interaction with membranes or other proteins,
and signalling function at only one side of the lipid bilayer
[8].

Experimentally identify membrane protein structure or
topology type is complicated and time consuming. Many
transmembrane topology prediction methods have been
proposed, such as TMHMM and HMMTOP [9,10]. They
can predict transmembrane region(s) based on the knowl-
edge of signal peptides and/or typical hydrophobic feature
of transmembrane helices. There are also several servers to
predict GPI modification site (e.g., big-PI [11]) and
GPI-SOM (http://gpi.unibe.ch/), myristoylation site (http://
mendel.imp.ac.at/myristate/) and palmitoylation site (http://
bioinformatics.lcd-ustc.org/css_palm/). Chou et al. have
developed many algorithms [e.g., 12–20] to predict five
types of the membrane proteins (shown in Fig. 1) using
global protein sequence information. However, in all such
previous studies, including ourselves [21,22], the protein
sequences have been treated uniformly in the algorithms,
which is convenient for practical use and objective test,
but most high order sequence information has been
ignored due to the complexity in calculations.

In this study, we identified some amino acids and pep-
tides that can significantly discriminate five different types
of the membrane proteins based on the stepwise discrimi-
nant analysis method. The extracted sequence information
captures the general features of the amino acid composi-
tions from global sequences, hydropathy from transmem-
brane helices, signal peptides, and modification sites by
lipid. As a result, their occurrence frequencies in protein
sequences can be used in predicting membrane protein
types. An accuracy of 86.5% in the cross-validation test,
and 99.8% in the resubstitution test have been achieved
Fig. 1. Schematic show of the five types of membrane proteins: (I) typ
transmembrane protein, (IV) lipid-chain-anchored membrane protein, and (V)
for a non-redundant dataset [21], which includes type-I,
type-II, multipass transmembrane, lipid chain-anchored
and GPI-anchored membrane proteins. The result indicates
that the present method of extracting sequence features
from proteins is efficient and it can be an important algo-
rithm in protein bioinformatics.
Materials and methods

Dataset. Five types of membrane proteins (shown in Fig. 1) have been
analyzed in this study. (1) Type-I membrane proteins: The protein spans
the lipid bilayer only once and its N-terminus is at the extracellular side
and C-terminus projects into the intracellular side. (2) Type-II membrane
proteins: The protein also spans the lipid bilayer only once, but its
C-terminus is outside the cell and N-terminus projects into the cytoplasm.
(3) Multipass transmembrane proteins: The protein spans the lipid bilayer
many times. (4) Lipid chain-anchored membrane proteins: the anchored
membrane protein is associated with the bilayer by means of one or more
covalent attached fatty acids or prenyl groups. (5) GPI-anchored mem-
brane proteins: The anchored membrane protein is bound to the mem-
brane by a glycosylphosphatidylinositol (GPI) anchor.

A no redundant dataset has been used in this study. It consists of 879
protein sequences derived from 40 version SWISSPROT databank [22,23]
and sequence similarity was reduced to 25% with CD-HIT [24]. During the
process of reducing sequence similarity, only 11.3% of the sequences in the
original dataset were remained, in which 151 are type-I membrane pro-
teins, 101 type-II membrane proteins, 518 multipass transmembrane
proteins, 56 lipid chain-anchored membrane proteins, and 53 GPI-an-
chored membrane proteins.

Method of extracting sequence features and prediction. The stepwise
discriminant analysis [25,26] is performed to extract the sequence features
from the five types of membrane proteins in the dataset. In the stepwise
discriminant analysis variables are chosen to leave (or enter) the model
according to one of two criteria: (1) the significance level of an F-test from
an analysis of covariance, where the variables already chosen act as
covariations and the variable under consideration is the dependent vari-
able; (2) the squared partial correlation for predicting the variable under
consideration from the variable representing the classification of obser-
vations, controlling for the effects of the variables already selected for the
model.

Let S(1) be the set composed of the 20 amino acids, namely
S(1) = A, C, D, E, F, G, H, I, K, L, M, N, P, Q, R, S, T, V, W, Y.
Let S(i) be such a set that each of its element is a string with i members
of S(1) (i is a positive integer greater than 1). In other words, S(i) is the
set composed of all possible peptides with length of i, denoted as
i-peptide(s) (i > 1). For brevity, the elements in S(i) are ordered
lexicographically. Therefore,
e-I membrane protein, (II) type-II membrane protein, (III) multipass
GPI-anchored membrane protein. The figure is modified based on [16].
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Sð2Þ ¼ fAA;AC;AD; . . . ;AY;CA;CC; . . . ;YW;YYg;
Sð3Þ ¼ fAAA;AAC;AAD; . . . ;AAY;ACA;ACC; . . . ;YYYg;
. . . . . . . . .

Apparently, the number of elements in S(i) is 20i(i = 1,2, . . .), which grows
with exponential rate. In the following description, S(i) (i P 0) is called the
set of peptides, but it represents the set of single amino acid residues when
i = 1 and i-peptides when i > 1. In order to predict the membrane protein
type of each query membrane sequence, a subset of S(i), denoted as T(i), is
formed such that the result of prediction using T(i) is almost the same as
using S(i), while the number of elements in T(i) is much smaller than 20i.
To construct T(i), first construct a subset of T(i � 1), T0(i � 1) which is
called ‘‘seeds of (i � 1)-peptide(s)’’, then add every amino acid in S(1) in
front and at the back of each element in T0(i � 1) to get a set including
T(i). Meanwhile, denote the quantitative variable sets that represent the
occurrence frequencies of elements in T(i) and T0(i) as X(i) and X0(i),
respectively. The algorithm (the flowchart shown in Fig. 2) is described
as follows:

1. Choose ‘‘seeds of the amino acids’’: let i = 1 and T(1) = S(1). Perform
stepwise discriminant analysis with elements in X(1) and get a subset of
X(1), denoted as X0(1). Accordingly a subset of T(1) is obtained, denot-
ed as T0(1). Suppose T0(1) has n(i) elements which are called ‘‘seeds’’.
Denote the result of discrimination with variables in X0(1) as R(1).

2. ‘‘seeds sprout’’ or construct T(i + 1) from T0(i) (i=1,2,3, . . .): for all the
elements in T0(i), add each of the 20 elements of S(1) in front and at the
back of them and get n(i) · 20 · 2 = 40 · n(i) elements belonging to
S(i+1). The repeated elements are deleted to make sure that each var-
iable appears only once. Suppose the number of (i + 1)-peptides thus
obtained is m(i + 1). Calculate their frequencies in each membrane pro-
tein type and the corresponding means in the subgroups, and choose
the variables whose means in one subgroup are above the given thresh-
old. Put these remaining variables together and get a quantitative var-
iable set X(i + 1) as well as the corresponding polypeptide set T(i + 1).
Fig. 2. Flowchart show of the algorithm on extracting protein sequence
information based on stepwise discriminant analysis. See detailed
description from the text.

Table 1
Prediction results with peptide(s) composition chosen from different iterations

Iteration Threshold Number of peptide

1 0.00000 14
2 0.00000 96
3 0.00050 158
4 0.00012 308
5 0.00006 356

a OverallResub and OverallJack are the overall accuracy in the resubstitution a
include the composition of i-peptides and peptides shorter than i-residue. For e
some dipeptides and some single residues. The peptide(s) with frequencies small
for the prediction are 356 from single residues to 5-peptides.
3. Choose ‘‘seeds of (i + 1)-peptides’’ or construct T0(i + 1) from T(i + 1)
(i = 1,2,3, . . .): perform stepwise discrimination with all the elements in
X(i + 1) to select relatively important variables. Suppose n(i + 1) vari-
ables are chosen. Put them together and get X0(i + 1), one subset of
X(i + 1). Meanwhile the corresponding polypeptide set T0(i + 1) con-
sisting of ‘‘seeds of (i + 1)-peptides’’ is obtained.

4. Check the discriminant results while (i + 1)-peptides are taken into
account: Put together all the variables in X(1),X(2), . . . ,X(i + 1) and
perform stepwise discriminant analysis. Denote the discriminant result
as R(i + 1) with the variables chosen. If none of X(i + 1) enters, or if
R(i + 1) is not higher than R(i), then stop the process. The variables
obtained from X(1),X(2), . . . ,X(i) by stepwise discrimination are the
desired variables in final prediction and R(i) is the highest prediction
accuracy. Otherwise go back to step 2, letting i ‹ i + 1, and iterate
the following steps to lengthen ‘‘seeds of i-peptides’’ further.

Evaluate of the prediction algorithm. In order to assess the accuracy of
the prediction algorithms, the overall accuracy, the sensitivity and speci-
ficity for each type of the membrane proteins are calculated [27], and
denoted as Overall, QD, QM, respectively. The overall accuracy is the
number of totally correctly predicted membrane proteins in relation to the
total number of the membrane proteins of all types. The sensitivity, QD, is
the true positive rate, which is the percentage of correctly predicted
number of membrane proteins in each type in relation to the total number
of actual membrane proteins in the type. The specificity, QM, is the per-
centage of correctly predicted number of membrane proteins in each type
in relation to the total number of membrane proteins that have been
predicted to the type. In addition, a prediction is evaluated by the
resubstitution and jackknife test. The former reflects the self-consistency
and the latter reflects the extrapolating effectiveness of the algorithm
studied. Among various cross-validation tests in the literature to evaluate
the extrapolating effectiveness of an algorithm, the jackknife test is
thought to be more rigorous and reliable [12–22]. In the jackknife test each
protein in the training dataset is singled out in turn as an independent test
sample, all the frequencies of the chosen peptide(s) are derived from the
remaining protein sequences. The final accuracy is obtained by the average
results of all test samples.
Results and discussions

The overall prediction results

The results of the overall prediction accuracy in resubsti-
tution test, jackknife test, the number of the variables cho-
sen and the threshold set in each of the iterations of
lengthening the peptides are listed in Table 1. We can see
from the table that the steady improvement of the overall
accuracy with the expanding of the length of the peptides.
The overall accuracy in jackknife test becomes more stable
between the 4-th and 5-th iterations. If the procedure is
of the stepwise discriminate analysisa

(s) OverallResub (%) OverallJack (%)

63.0 61.0
83.8 72.1
90.4 78.5
99.0 86.0
99.8 86.5

nd jackknife tests, respectively. The variables chosen from the ith iteration
xample, in the second iteration, 96 variables consist of the composition of

er than the given threshold have been ignored. The peptide(s) finally chosen
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stopped at 4-th iteration, 308 variables are chosen, and the
final prediction accuracy reaches to 99.0% and 86.0%,
respectively, in the resubstitution test and in the jackknife
test. If the procedure is stopped at 5-th iteration, 356 vari-
ables are chosen, and the final prediction accuracy reaches
to 99.8% and 86.5%, respectively, in the resubstitution test
and in the jackknife test.
Table 2
Prediction results with the 5-peptides taken into accounta

Method Type-I Type-II Mul

QD Resub 151/151 (100.0) 99/101 (98.0) 518/
Jack 133/151 (72.7) 77/101 (76.2) 480/

QM Resub 151/151 (100.0) 99/99 (100.0) 518/
Jack 109/163 (66.9) 44/51 (86.3) 502/

a QD and QM are sensitivity and specificity defined by Baldi et al. [27]; re
respectively. The prediction is carried out by 356 variables chosen from five it

Table 3
The peptide(s) chosen for the final predictiona

1 2 3 4 5

0 F K A DKDGK M

1 ALKSA VKPP YFSKA ADGVG ACK

2 DSAA SLEDL AAEAL LAYS TTT

3 TITVQ TVVNS SDAK TTKKV STA

4 STATV VTVD TSTEA TVQ AAD

5 AGCS YAKP LLAGC PDKFA NLC

6 DKDG DSG HTTK GQD AKS

7 YDSA SKKD TLAGC YAEK FTG

8 PNP N GADD TATE KSL

9 AEATP ACSSK ISPSE QARAA DKD

10 DADA DKSA KDKD DKDM DKD

11 DADAK EGLKE QAKE PDKA LGK

12 W GQDK MKKIL ACKQ ADK

13 AEA RL KLLN KLLS LTA

14 EKLK NVTTA TPSPT RT CSS

15 CI EGAP EGAPA YEGA DKD

16 STTTN LGKE HE QNVS V

17 EE SSDAK SDAKH KADK DEA

18 YD TAVS TSKDK KPV ADK

19 TSPAW NS EK SD TH

20 YM GARAR KED PI AAA

21 AKLLS SQ STEAP ADAM LCL

22 AFGL RSD SPT SEVT DLC

23 AKA LAY LEDHG SEAKP SKK

24 NLCF TLEGT VTLK CV LKV

25 PY VIGL EF AY ADA

26 SEGLA LPE LGK TTK TVA

27 EN ES QAR AVT FC

28 RW LAADG SDG KGK AQL

29 QT LFF ME QD CP

30 VE LA MV DEAY DH

31 HN ALEGT MR IQ PH

32 AARA LGQD AR SGK YA

33 ETT DE DKDKY VEVT ELK

34 AAEK MT FSKA ADGK ARA

35 LAYA LAK ACK ACKP ITV

a The peptides are derived from non-redundant dataset based on five iterati
significant in discrimination of the five types of membrane proteins. Of the 356
peptides, 111 are tetrapeptides, and 91 are pentapeptides. Their frequencies in
The accuracy for each type of the membrane proteins is
summarized in Table 2. From Table 2, we can see that in
the resubstitution test all the sensitivities and specificities
for the five different types of membrane proteins can be
higher than 98% when the pentapeptides are taken into
account. In the jackknife test, the sensitivities for multipass
transmembrane proteins can reach 92.7% with a specificity
tipass Lipid chain GPI Overall

518 (100.0) 56/56 (100.0) 53/53 (100.0) 877/879 (99.8)
518 (92.7) 38/56 (84.4) 32/53 (60.4) 760/879 (86.5)

520 (99.6) 56/56 (100.0) 53/53 (100.0) 877/879 (99.8)
590 (85.1) 56/57 (98.2) 11/18 (61.1) 760/879 (86.5)

substitution test and the jackknife test are denoted as Resub and Jack,
erations of the stepwise discriminate analysis.

6 7 8 9 10

PDKF SC CSSNA LTACS AKEA

PC LEGNP DEAIN TTKI GGARA LVAGC

TK AGARA GADDT TVVN AACSS ACSSI

S KLLSQ LAACS H VLEDF PSPTP

IQ TAEKA PAVTA RPAVT KLKVV SKDSS

N LPSPT RC SALK RNVT DEANE

LKL KLLNV ADATA TATT VKADK

K SKAS TPNTT Y YK NLC

DE DSS SE TVDE AEAT LLAAC

QH LCNEI GH CH KAK

K TNLL PW AIG KVLED EGLK

T SLAAC NGN ACSSN TACS YN

NVTT NVTTD NVT VFVA GKY

V PPA DKSK PQ FTGKG KLK

T PR NVS PLPP PLPPL SPSE

MS VVACS IADD TN EG AAK

KTGK FLAY RY VC WP

N TTTK AANV HH TIAD VTLI

S DV LEDL DEA KDK DKL

YF SVTLG DAEK PM EQ

D AADK SKDKS ATSPA TSPD KDKSA

LDEL TGKA VT SM KM

N IP KC IT QTAT LGN

I ELGKL QL VTL TLDEL LEGTL

VR HS KLKM ARAA EGT

A NG CD TC MLKL VAGC

KAKE SATT APNP DSA LN

KADEA KEGTV KEGT AIGL HY

E DG GE QE EAK EP

YI LLR EAKPV TSP RAD

AAE SKKT MKK KLED RM

NVSS TPE AC PT DI

VFV LTAVT KDSSG EA TLK

HF LEGA TDEE DEEC SKAK

D QQ Q IH SKA LEGA

Q NLEGN

ons of the stepwise discriminant analysis, and listed in the order of their
peptide(s) chosen, 10 are single amino acids, 85 are dipeptides, 59 are tri-
the membrane protein sequences are used in prediction.
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of 85.1% as a result of the increment of the length of the
peptides used in prediction. However, for GPI-anchored
membrane proteins the improvement is modest and reaches
a sensitivity of 60.4% with a specificity of 61.1% when the
pentapeptides are taken into account. Although these num-
bers are not impressive, they are still higher than those by
the least Hamming distance algorithm [28], lease Euclidean
distance algorithm [29] and ProtLock predictor [30].
The extracted sequence features

In the process of stepwise discriminant analysis, some
peptide(s) chosen in the former step are not chosen in the
later one. The contribution of the removed peptide(s) is
usually replaced by the peptide(s) chosen later, whether
they are longer or shorter. The variables finally chosen in
prediction are 356 elements consisting of 10 single residues,
85 dipeptides, 59 tripeptides, 111 tetrapeptides, and 91 pen-
tapeptides, which are listed in Table 3 in the order of signif-
icance in prediction. We can see that the number of
peptide(s) remained in Table 3 is much less than 20 +
400 + 8000 + � � � + 206, but they contain plentiful informa-
tion and lead to higher prediction accuracy. For example,
‘CSST’ is the 145-th element, which corresponds to ‘14’
in the first column and ‘5’ in the first row. Clearly,
some longer peptides will provide more information in
discriminating a membrane protein type, although their
frequencies are generally much smaller than those of
shorter ones. The number of tetrapeptides (111) is much
higher than that of tripeptides (59), which indicates that
considerable sequence information is carried by the 4-resi-
due correlation of the amino acids. This is not surprising
given the property of 3.6-residue for a turn of helix.
Therefore, an algorithm concerning only amino acid or
dipeptide composition will not be able to extract efficient
information from a sequence.

Analyzing the protein sequences containing the final
chosen 261 peptides longer than 3-residue, we find that
many of them have membrane type propensities. Further
protein motif fingerprint database (PRINTS) [31] searches
indicate that many peptides identified contain information
of signal peptide, fatty acid or transmembrane helices. For
example, the 27th peptide listed in Table 3, ‘GADDT’, is
likely a signal peptide of saturated fatty acid myristate
(N-myristoylation) after the initiating Met has been
removed [8]. While the ‘aaX’, (aliphatic–aliphatic–X) motif
in the peptides of the 20th, 36th, 53th, 67th, 90th, 109th,
297th, etc. listed in Table 3 likely contains signal informa-
tion of prenylation [8]. ‘ALKSA’ (the 11th peptide), is
likely a part of the signature for cation transporting ATP-
ase. ‘DKDGK’ (the 4th peptide), ‘AKEA’ (the 10th pep-
tide) and ‘SKKT’ (307th peptide) are likely involved in
the signature of out surface proteins. Therefore, the pep-
tides listed in Table 3 contain important high order protein
sequence information in determination of the types of
membrane proteins. As a result high accuracy has been
achieved by using their occurrence frequencies as input
parameters in predicting membrane protein types.

Conclusion

Membrane proteins play an important role in a cell.
Effective algorithm to predict their types can expedite the
understanding of their functions. A multivariate statistical
method of extracting the signal or topology features from
protein sequences has been described. Based on the step-
wise discriminant analysis and lengthening ‘‘seeds pep-
tide(s)’’ method some peptide(s) that carry important
signal or signature information have been identified from
five types of membrane proteins, which include single ami-
no acid residues, amino acid pairs or dipeptides, tripeptide,
tetrapeptides, and pentapeptides. The occurrence frequen-
cies of these peptide(s) in membrane proteins can be used
in predicting the membrane protein types. Consequently,
an accuracy of 86.5% in the cross-validation test and
99.8% in the resubstitution test has been achieved, respec-
tively, for a non-redundant dataset. The higher prediction
accuracy indicates that significant information is extracted
from the different types of the membrane protein sequenc-
es. The provided method of extracting protein sequence
information can be used in the systematic analysis of the
great amount of genome sequences and in prediction of
the possible functions for membrane proteins.
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