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Membrane proteins play important roles in the biology of the cell, 
including intercellular communication and molecular transport. 
Their well-established importance notwithstanding, the high- 
resolution structures of membrane proteins remain elusive due to 
difficulties in protein expression, purification and crystallization. 
Thus, accurate prediction of membrane protein topology can 
increase the understanding of membrane protein function. Here, 
we provide a brief review of the diverse computational methods 
for predicting membrane protein structure and function, including 
recent progress and essential bioinformatics tools. Our hope is 
that this review will be instructive to users studying membrane 
protein biology in their choice of appropriate bioinformatics 
methods. [BMB reports 2009; 42(11): 697-704]

INTRODUCTION

Membrane proteins play important roles in many physiological 
processes, constituting approximately 20-30% of all open 
reading frames (ORFs) in fully sequenced genomes. Membrane 
proteins are involved in various functions, such as intercellular 
communication, molecular transport and biogenesis, and are 
associated with various human diseases, such as Alzheimer’s 
disease, diabetes, Hodgkin’s disease and liver cirrhosis. Many 
membrane proteins are primary drug targets because their lo-
calization is easy for drug delivery and their functions are 
mainly involved in converting extracellular signals into intra-
cellular processes. Currently, about 60% of approved drugs 
target membrane proteins (1). For example, G protein-coupled 
receptors (GPCRs) account for 25% of all drug targets on the 
market, and nuclear hormone receptors and ion channels 
account for 7%. Therefore, elucidating the structure and function 
of membrane proteins is essential for the identification of drug 
targets and development of therapeutic applications.
    To better understand protein function, biologists have 

focused on the determination of high-resolution protein structure, 
which is necessary for the development of drugs that specifically 
block ligand binding sites or inhibit protein oligomerization (2). 
Even so, the determination of high-resolution protein structure 
has been a bottleneck to the characterization of membrane 
protein function for many years due to difficulties in protein 
expression, purification and crystallization. Consequently, 
membrane protein structures represent less than 1% of the 
Protein Data Bank (PDB) (3), and only 70 high-resolution 
membrane protein structures exist compared to the thousands 
of water-soluble protein structures (4). Moreover, high-throughput 
function screenings, such as yeast two-hybrid and liquid chro-
matography-tandem mass spectrometry, cannot be easily applied 
to due to the hydrophobic nature of membrane proteins (5-7). 
Therefore, computational methods for predicting membrane 
protein structure and function could provide alternative solutions.
    In this review, we focus on computational methods for pre-
dicting membrane protein structure and function, discussing 
recent progress as well as future developments. Computational 
methods for predicting membrane protein topology are classified 
as either knowledge-based or physical potential-based. Recent 
progress has been made in the development of machine learning 
techniques and in the integration of evolutionary information. 
Other topics discussed include advancements in bioinformatic 
approaches for the identification of residues that are functionally 
important to membrane proteins. In Fig. 1, we present an overview 
that describes how the methods discussed in this review could 
be applied to study the membrane protein structure and function.

Early developments in the prediction of membrane 
protein topology 

Prediction of membrane protein topology, especially of trans-
membrane (TM) segments, is an important first step toward the 
understanding of membrane protein structure. Generally, mem-
brane proteins span the membrane bilayer via unbroken helices 
that lead to limited topology. Therefore, if the locations of TM 
regions and loops are known, it is possible to predict the topology 
of membrane proteins from sequences only.
    Membrane protein topology prediction algorithms are based 
on two basic observations of α-helical membrane proteins. TM 
segments are mainly composed of hydrophobic residues as they 
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Fig. 1. Evolutionary analysis is used for
predicting both the structure and function 
of membrane proteins. Predictions of to-
pology and helix-helix interactions based
on the detection of GxxxG motifs and 
kinks in amino acid sequences are im-
portant in the study of membrane protein
structure. Detection of functional residues
and prediction of motifs can also provide
insights into the understanding of mem-
brane protein function.

span the hydrophobic interior of a biological membrane, which 
is composed of two layers of lipid molecules, i.e. phospholipid 
bilayer. Phospholipids contain polar heads that interact with water 
molecules on both sides of membrane, and their hydrophobic 
fatty acid regions form a thick hydrophobic core. Membrane 
proteins have adapted to this environment by evolving mostly 
non-polar and hydrophobic amino acids in their TM segments 
(8, 9). Kyte and Doolittle developed the first method to predict 
TM segments based on this observation (10). They scanned a 
protein sequence with a sliding window of 19 amino acids and 
identified TM segments 20 to 30 residues in length based on 
overall hydrophobicity (11, 12). For more accurate predictions, 
others attempted to optimize hydrophobic scales, window sizes, 
and amino-acid propensities (13-15). For example, the aromatic 
residues Trp and Tyr tend to be located near the ends of TM seg-
ments, an observation which allowed the prediction of mem-
brane protein topology to be improved (16, 17). Researchers al-
so described the ‘positive-inside rule’, in that more positively 
charged residues, such as Lys and Arg, are found in the short cyto-
plasmic loops that connect TM segments compared to extra-
cellular loops (18). These observations allowed the prediction of 
TM segment orientation for membrane proteins. Furthermore, 
integration of TM segment sequence features as well as increased 
numbers of available membrane protein structures have further 
improved TM topology prediction (19-23).

Recent progress in the prediction of membrane protein 
topology 

Increased numbers of high-resolution membrane protein structures 

and the advancement of computational methods have increased 
the accuracy of membrane protein topology prediction. Most 
predictions are based on machine-learning techniques, such as 
neural networks (NNs) (24) and hidden Markov models (HMMs) 
(25, 26). Prediction methods using NNs, the first of which was 
PHDhtm (27), can give the probability of each residue being 
located in a TM segment, and therefore can define local sequence 
patterns as TM regions. Meanwhile, methods that implement 
HMMs complement NNs by providing more specialized models. 
HMM methods can capture the global sequence patterns of a 
membrane protein sequence, including repeats of TM segment- 
loop-TM segment patterns in α-helical membrane proteins. 
HMM was implemented in TMHMM (28) and HMMTOP (25) 
for TM topology prediction.
    Methods for the prediction of TM segments have their own 
unique advantages. Several studies have compared the sensi-
tivities of various methods to predict membrane protein top-
ology (29-33). Jonathan and colleagues examined the perform-
ance of 9 different TM segment prediction methods using vari-
ous sensitivity measures, such as number of TM segments, po-
sition of TM segments, and orientation of TM segments (32). 
They compared performance and found that no method was 
consistently the best. SPLIT4 (22), TMHMM2 (26), HMMTOP2 
(34) and TMAP (35) predicted the number and position of TM 
segments well with accuracies over 80%. Meanwhile, 
TMHMM2, MEMSAT2 (36) and SPLIT4 were the best methods 
for predicting the start and end points of TM segments. 
TMHMM and SOSUI (21) were the most accurate methods for 
discriminating membrane proteins from soluble proteins with 
accuracies over 97% (29). Taken together, these methods have 
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Table 1. Transmembrane prediction methods

different sensitivities for predicting the number and positions 
of TM helices, therefore helping researchers choose appro-
priate tools depending on their purpose.
    Recently, several approaches have been developed to im-
prove the prediction of membrane protein topology through a 
consensus prediction method (37-41). Consensus prediction 
methods are based on a decision making process that seeks 
agreement among most participants and resolves or mitigates 
minority objections. Consensus methods furthermore integrate 
and optimizate data from other prediction methods in order to 
obtain more reliable TM topologies (37). ConPred II combined 
the results of eight prediction methods, KKD (20), TMpred (23), 
TopPred II (42), DAS (43), TMAP (35), MEMSAT 1.8 (36), SOSUI 
(21), TMHMM 2 (26) and HMMTOP 2 (34), into a joint pre-
diction histogram in order to more reliablely predict the location 
of TM segments (40). As a result, ConPred II improved pre-
diction of TM topology and position compared to individual 
prediction methods. Another consensus method, TOPCONS 
(41), integrates the results of 5 different prediction methods: 
OCTOPUS (44), PRO-TMHMM, PRODIV-TMHMM (45), SCAMPI- 
single and SCAMPI-multi (46). TOPCONS outperformed all other 
methods in a benchmark test evaluating individual and consensus 
prediction methods. The improved predictions provided by the 
consensus methods are due to integration of multiple predictors. 
Thus, improvement in the accuracy of an individual predictor 
will likewise improve the accuracy of the overall consensus 
prediction method. In Table 1, we compiled the available TM 
prediction methods and their web addresses, and compared 
their functionality for user convenience.

Evolutionary approaches and data integration

Evolutionary information has been applied to the prediction of 
membrane protein topology. Several benchmark studies found that 
evolutionary approaches, such as poly-Phobius (47), MEMSAT3 

(48), HMMTOP, prodiv-TMHMM and MemBrain (49), signi-
ficantly improved the accuracy of TM segment prediction com-
pared to conventional methods. Evolutionary approaches per-
form multiple sequence alignment in order to calculate the best 
average path to find correct topology. Other types of evolutionary 
approaches, such as phylogenetic analysis (50-52), characterize 
the functional mechanism of membrane proteins. Phylogenetic 
methods operate on the assumption that proteins associated 
together in a pathway or structural complex evolve in a corre-
lated fashion, which helps determine the functional annotation 
of uncharacterized membrane proteins.
    Data-based modeling combines biochemical and computa-
tional methods with low-resolution structural data in order to 
build a low-resolution model of membrane proteins. Various 
biochemical and spectroscopic experiments, such as solid-state 
NMR (ssNMR) (53-57), electron microscopy (EM) (58-60) and 
infrared spectroscopy (IR spectroscopy) (61-63), have rapidly 
accumulated low-resolution, two-dimensional structural in-
formation on membrane proteins. Computational methods 
have been developed to improve membrane protein structural 
models when high-resolution structural information is not 
available. Moreover, data-based modeling provides additional 
information on the conformational changes and dynamics of 
membrane proteins that are not easily obtained from x-ray 
crystal structures.

Identification of functionally important residues from the 
membrane protein sequence

Large-scale genome sequencing projects require the develop-
ment of computational methods that can efficiently identify bi-
ological functions of proteins at the genome-wide level. 
Structural information on membrane proteins can provide im-
portant clues for elucidating functional mechanisms, but struc-
ture is difficult to obtain due to experimental issues associated 
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Fig. 2. Topological patterns and evolutionary rates of symmetric 
membrane proteins. (A) Aquaporin water channel (PDB ID: 1J4N) 
and (B) Mitochondrial ADP/ATP carrier (PDB ID: 1OKC) have 2-fold
inverted symmetry and 3-fold symmetry, respectively. Each triangle 
represents a symmetric unit (left). Evolutionary rates were colored 
onto the symmetric membrane structures (right). The color-coding 
bar shows the site-specific evolutionary rate. Red indicates the con-
served site and blue indicates the variable site. Black arrow repre-
sents the most conserved regions in the structure.

with sample preparation. Therefore, various sequence-based 
methods have been developed for the prediction of membrane 
protein function in addition to topology.

Helix-packing motifs in TM helices

TM helix-packing motifs play important structural and func-
tional roles in membrane proteins (64). Therefore, their identi-
fication is essential for modeling of membrane protein structures. 
The most well characterized sequence signature that mediates 
TM helix-packing is the GxxxG motif (65, 66). The GxxxG motif, 
composed of 2 glycines at positions i and i + 4 on the same 
side of the helix, is statistically overrepresented in TM helices 
of membrane proteins. Furthermore, the glycine zippers, 
(G,A,S)xxxGxxxG and GxxxGxxx(G,S,T) contain multiple 
GxxxG motifs and are shown to have important functional 
roles in many membrane proteins (66). Due to their small size, 
the glycines in these motifs can facilitate the formation of helix- 
helix structures by optimizing van der Waals interactions or es-
tablishing hydrogen bonds between residues. Moreover, muta-
tions in these motifs are shown to have deleterious effects on 
the function of membrane proteins (66-68).

Z-coordinate predictions of TM helices in membrane 
proteins

Z-coordinates, the distances between residues and the center 
of the membrane, of alpha-helical membrane proteins contain 
structural information on TM helix kinks, reentrant helices, in-
terfacial helices, and loop protrusion from the membrane. TM 
helix kinks commonly occur at proline residues (69) where 
they mediate helix distortions and facilitate helix movements, 
which are essential for the operation of TM channels (70-72). 
TM helix kinks also assist protein folding by preventing off- 
pathway intermediates (73). Yohannan and colleagues found 
through helix kink predictions that the structural diversity of 
GPCRs is due to unique helix kink patterns, which once eluci-
dated advance the understanding of GPCR function (64). 
Meanwhile, interfacial helices and reentrant loops, in which 
the polypeptide dips only partway across the membrane, con-
tain important information on membrane protein function, 
such as the selectivity filter and gates of membrane pores (74).

Common occurrence of internal repeat symmetry in 
membrane proteins

The sequence of a protein determines both its structure and 
overall function. It has been suggested that symmetry is im-
portant for membrane proteins that undergo two-state allos-
teric transformations, such as active/inactive transitions or 
large conformational changes in transporters and channels 
(75). Internal repeat symmetry in a protein sequence is man-
ifested by the association of similar subunits or by gene dupli-
cation events (76). Recently, we reported the common occur-

rence of internal repeat symmetry in membrane proteins and 
devised a method to identify internal repeats in membrane 
protein sequences (Fig. 2) (77). Remarkably, a genome-wide 
search of internal repeats in the sequences of membrane pro-
teins revealed that nearly half of all membrane proteins con-
tain symmetric internal repeats. Interestingly, most symmetric 
membrane proteins were found to be transporters, suggesting 
that symmetry may be beneficial for the large conformational 
changes during the substrate transport mechanism. Moreover, 
the most conserved motifs in internal repeats were found at 
the symmetric interfaces of protein structures in which func-
tionally important residues of membrane proteins are fre-
quently located.

Combining evolutionary information for the identification 
of functionally important residues in membrane proteins

    Combining evolutionary features from sequence information 
has been used to successfully identify functionally important 
residues in membrane proteins (78). Membrane protein trans-
porters are involved in two-state allosteric communication, 
which mediates the propagation of regulatory information 
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from the substrate-binding site to the translocation pathway 
through large conformational changes mediated by coopera-
tive residues. Recent studies have suggested that cooperative 
residues tend to be conserved (79) or evolutionarily coupled 
(80) in order to maintain allosteric communication. We recently 
reported a new method for the identification of cooperative 
residues of membrane protein transporters by integrating two 
different evolutionary features, sequence conservation and co- 
evolutionary information (78). The results demonstrated that 
conserved cores of evolutionarily coupled residues are involved 
in substrate recognition and translocation of membrane protein 
transporters. Moreover, a subset of these newly identified residues 
forms an interaction network connecting functional sites in the 
protein structure. The identification of functionally important 
residues from sequences provides an alternative method in 
which the function of membrane proteins can be discovered.

Current practice and future development

Prediction methods for membrane protein topology have im-
proved understanding of membrane protein structure and func-
tion over recent decades. Despite recent progress in TM pro-
tein topology prediction, several limitations still exist. Firstly, 
since signal peptide sequences contain hydrophobic amino 
acids also found in TM segments, topology prediction methods 
will often falsely predict a signal peptide as a putative TM seg-
ment (81). This makes it difficult to discriminate between 
membrane proteins and soluble proteins with a signal peptide, 
significantly hampering the prediction of single-pass mem-
brane proteins. To overcome this, advanced methods were de-
veloped by assigning additional N-terminal signal peptides us-
ing signal peptide prediction tools and by selecting non-over-
lapping TM segments separate from the signal peptide (82). 
Phobius and MEMSAT3 adopted this method and significantly 
improved accuracy of TM topology prediction (48, 83).
    Secondly, many topology prediction methods have a problem 
in defining the exact length of TM helices. Topology predictors 
typically search for TM helices 17-25 amino acids in length. 
However, the lengths of TM helices in x-ray crystal structures 
range from 10 to 40 amino acids (29, 32). Furthermore, TM seg-
ments can be tilted at various angles or broken inside the lipid 
bilayer, resulting in reentrant loops and half-TM helices (84, 
85). TM segments of various lengths can also cause errors in 
when predicting the number of TM segments. For example, a 
TM segment 36 amino acids in length would instead be pre-
dicted as two TM segments composed of 18 amino acids each. 
Such an error may affect the overall prediction of TM protein 
topology. To overcome this, the distance from the center of 
the membrane to each residue was measured. Granseth and 
colleagues have developed an algorithm to correctly identify 
reentrant loops and half-TM helices using this method (86).
    Finally, the prediction of membrane protein function is another 
important issue. Many sequence-based or structure-based pre-
diction methods were developed to determine the function of 

membrane proteins. However, prediction of membrane protein 
function from homologues sequences remains difficult due to 
the various functions of homologous proteins. Moreover, the 
three-dimensional structure of a membrane protein does not 
reveal much about its function unless accompanied by ex-
perimental results. Therefore, the development of comparative 
genomic approaches provides an alternative approach for the 
prediction of membrane protein function. These approaches 
analyze the conservation patterns of membrane protein family 
members in order to characterize the function of unannotated 
protein sequences (77). Information on protein-protein inter-
actions and phylogenetic analysis were also used in the deter-
mination of protein function (50, 87).

Conclusions

Membrane proteins play important roles in the biology of the 
cell, including intercellular communication and molecular 
transport. Accurate prediction of membrane protein topology 
can provide a framework for the understanding of membrane 
protein structure and function. For example, various computa-
tional methods for predicting membrane protein topology can 
be immediately applied. Prediction methods have become 
more accurate and useful over the years although issues remain 
concerning single-pass TM proteins and the positions of TM 
helices. Nevertheless, computational methods can guide ex-
periment planning and dataset interpretation by providing in-
formation on TM helix topology, helix-helix interactions, and 
functionally important regions of membrane proteins. Moreover, 
the integration of evolutionary information can increase the 
understanding of the structure and function of membrane pro-
teins (77). We expect that rapid progress in the development 
of bioinformatic approaches will expand our knowledge of the 
sequence-structure-function relationship of membrane proteins.
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