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1 Why membrane proteins?

Membrane proteins constitute a very large set of yet-to-be characterized proteins
mediating all the relevant life-related functions both in prokaryotes and eukaryotes.
Estimates are suggesting that in whole genomes the content of this protein type may
vary from 10 to 40% of the whole proteome, depending on the organism.

As to present (and this may change on time) wemay browse data bases and find out
that the number of protein sequences is �6,000,000 (in the Non Redundant data base
[http://www.ncbi.nlm.nih.gov/]); that sequences annotated as “membrane protein” are
45,281 in Swiss-Prot (http://expasy.org/sprot/ where the annotation is manually
curated), and that atomic structures of membrane proteins are 281 in the Protein
Data Bank (http://www.rcsb.org/pdb/, PDB). And then the question is how many
membrane proteins are out there, to be still annotated and characterized among the
many millions of putative protein sequences in the genomes that are in the process of
being/will be sequenced? Indeed we do not yet know how many species are presently
present in our planet.

We may consider a rough average of 30% of membrane proteins per genome
(as derived from sequence similarity search) and end up with an approximate number
of about 2,000,000 membrane proteins in the data bases. We can then easily evaluate
that less that �0.6% of membrane proteins are annotated and that �0.001% of all the
membrane protein sequences are known with atomic resolution.

Why is this the case, when so many globular proteins are known with atomic
resolution? Membrane proteins are difficult to study. They are inserted into lipid
bilayers surrounding the cell and its sub-compartments, and expose to the polar outer
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and inner environments portions of different sizes. When isolated from membranes,
membrane proteins are generally less stable than globular ones. It is therefore difficult
to purify them in the native, functional form, and more difficult to crystallize them.
Historically it is worth mentioning that Deisenhofer, Huber and Michel were awarded
with the Nobel Prize in Chemistry in 1988 for having solved the X-ray structure of the
photosynthetic reaction center from Rhodopseudomonas viridis (www.nobel.se), the
first membrane protein to be solved with atomic resolution (Deisenhofer et al. 1984).
Crystallization of this type of proteins is yet a very difficult process, given the fact that
they expose two different chemico-physical surfaces to the environment: water- and
lipid-like. However the lipid environment constraints the membrane protein stable
folding: it is indeed evident from the structures that have been deposited so far that only
two structural organizations are present in nature: all-alpha and beta-barrel membrane
proteins (Fig. 1). Indeed most of membrane proteins in the PDB (67%) consist of
bundles of transmembrane helices with different tilting with respect to the membrane
plane, when known with enough details to be realistic, and to each other. The relative
structural organization of the transmembrane helices is also very much dependent on
the protein function. The all-alpha membrane proteins can be classified in relation to
the number of membrane spanning helices, and a major grouping discriminates
monotopic versus polytopic membrane proteins (Fig. 1).

Some of themembrane proteins are located in the outermembrane ofmitochondria
and chloroplasts, or in the outer membrane of gram-negative bacteria; in this case they

Fig. 1 Structural types of membrane proteins. A: Phosphorylated Pilin from Neisseria meningitidis (PDB
code: 2pil); B: Putative metal-chelate type ABC transporter from Haemophilus influenzae (PDB code:2nq2);
C: Colicin I receptor Cir from Escherichia coli in complex with receptor binding domain of Colicin Ia
(PDB code:2hdi)
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are endowed with a very well conserved architecture known as transmembrane beta
barrel, where the only variables are the even number of beta strands in the barrel (from 8
to 22) and its plane of shear (when known) with respect to the membrane plane (Fig. 1).

Thanks to several experimental efforts, we also know that in all-beta outer mem-
brane proteins in Gram-negative bacteria a signal peptide is present in the protein
precursor, and that this signal peptidemay ormay not be present inmembrane proteins
of other organisms. The location of the N- and C-termini as well as of the internal loops
of a membrane protein relative to the lipid bilayer (cytoplasmic or extra-cytoplasmic)
can also be experimentally determined, either by using so-called reporter fusions or by
various kinds of covalent modifications targeting residues introduced into the protein
by site-directed mutagenesis. Detailed topology models have been produced for many
membrane proteins by such techniques (http://expasy.org/sprot/). Recently, the cyto-
plasmic/extra-cytopasmic location of the C termini of the entire all-alpha membrane
proteomes in Saccharomyces cerevisiae and Escherichia coli were mapped experimen-
tally using reporter fusions (Daley et al. 2004; Kim et al. 2005); this data has been used in
the benchmarking study reported below.

2 Many functions

Membrane proteins constitute an important part of the cell proteome. They perform
basic functions, fundamental for the cell life, including cell signaling, energy conserva-
tion and transformation, ion exchange and many others. It is well established that
membrane proteins take part into many different cell functions, in that they mediate/
regulate most of the cell-environment interactions as well as trafficking among different
subcellular compartments. Their functions are related to their structural architecture.
All-alpha membrane proteins are typically: G Protein-Coupled Receptors, Channels,
Proteases, Trasporters, Antiporters, ATP-ases of different types, Respiratory proteins,
and Oxidases. In turn all-beta membrane proteins may act as enzymes and/or porins,
kind of molecular sieves that are involved in transmembrane transport (http://blanco.
biomol.uci.edu). Interestingly enough, in pathogenic bacteria all-beta membrane
proteins are involved in pathogenicity, and can therefore be quite useful drug targets
(Casadio et al. 2003a).

3 Bioinformatics and membrane proteins: is it feasible
to predict the 3D structure of a membrane protein?

In the “omic” era hundreds of genomes are available for protein sequence analysis, and
we may estimate that some 30% of all the sequences are of membrane proteins.
Differently from globular proteins, a three-dimensional model for membrane proteins
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can hardly be computed starting from the sequence. Why is this? What can we really
compute and with what reliability? Can we build models of membrane proteins based
on threading techniques?

These issues are addressed with approaches that may be different by those generally
adopted when globular proteins are predicted, and their solution often requires an
expert-driven methodology. The question is then how many methods do we have that
may be integrated for getting a successful prediction of a membrane protein?

Another major problem in large-sequence projects is the annotation of those genes
which have no counterpart in the database of presently known sequences with a given
function. Can we then contribute to the annotation process with predictive methods?
And again: how many membrane proteins are present in the human genome?

These and other questions may be answered in the post-genomic era by taking
advantage of all the theoretical efforts aiming at developing tools based on our present
knowledge that are capable of extracting selected structural/functional features from
known sequences/structures and of computing the likelihood of their presence in never-
seen before sequences/structures. In the following we will highlight when and how it is
possible to recognize a membrane protein sequence and when it is possible from the
sequence to compute its folded 3D structure (Casadio et al. 2003b; Elofsson and von
Heijne 2007; Punta et al. 2007).

4 Predicting the topology of membrane proteins

Most of the computational methods presently available allow predicting two basic
features of membrane proteins: topography (the location of transmembrane domains
along the protein chain) and topology (the location of theN- andC-termini with respect
to lipid membrane). Topological models are sufficient in many instances to design
experiments in order to prove to a certain extent (or correct) the location of the inner
and outer loops with respect to the membrane, and concomitantly the number of
transmembrane segments.

Methods presently available are mainly based on machine learning (Fig. 2). All
the machine learning methods described so far for the prediction of transmembrane
topology are based on neural networks (NNs), hidden Markov models (HMMs),
support vector machines (SVM) or their ensemble. Their implementation requires:
i) the selection of a training set with little homology to the testing set; ii) a training phase
where the variable parameters of the algorithms are adjusted to fixed values, according
to a learning procedure; iii) a testing phase, when the system is scored according to
statistical indexes (and for comparison among the different methods, when they are
described in the literature). Either a jackknife or a cross validation procedure are
adopted in order to perform the training and testing simultaneously; also, in some cases,
a blind test is adopted to further validate the method. It is very important to neatly
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separate the training and the testing sets in order to evaluate the prediction perfor-
mances on examples that are not similar to data used for setting the trainable
parameters. It should be emphasized that feed-forward neural networks are able to
capture the information contained in local contexts of the sequence, whereas hidden
Markov models are able to cast the global features of proteins. With a neural network-
based approach, each residue in the sequence is predicted to be or not be in
transmembrane state considering a window (usually 17–25 residues long) centered
on the residue to be predicted. The contribution of each residue in the window is
weighted by a specific trainable parameter and the contributions are then combined in a
non linear way. HMMs are able to describe the basic features of membrane proteins.
These features can be stated as: i) there are transmembrane segments that are connected
by loops; ii) the loops face alternatively the inner and the outer side of themembrane; iii)
transmembrane segments and loops are endowed with minimum and/or maximum
lengths. These features are described by a set of trainable parameters known as
transition probabilities. Moreover HMMs, by means of the trainable emission prob-
abilities are able to cast the different residue compositions in the different portions of the
proteins. SVMs are known to behave very similar to NNs; however their discrimination
capabilities are routinely superior (Jones 2007).

Topological models can be computed after predicting the protein membrane
topography, with specific rules. The most popular for the all-alpha membrane proteins
is the positive-inside rule (Nilsson et al. 2004). For beta-barrel outer membrane

Fig. 2 Tools out of machine learning approaches: Artificial Neural Networks (ANNs), Hidden Markov
Models (HMMs), Support Vector Machines (SVMs). During the training phase known examples are
presented and the general rules of the association between the input and the output are stored in the
training parameters. During the testing phase, new sequences are predicted. The statistical evaluation
consists in the comparison between the predicted and expected features
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proteins, in Gram negative bacteria, longer loops are generally exposed to the external
phase (Martelli et al. 2005). Neural network based methods can predict the topography;
the topology is then obtained with specifically implemented rules and dynamic
programming (Fariselli et al. 2003a). In the case of HMM the topological model is
derived from the prediction, according to an optimization algorithm or again after
dynamic programming (Fariselli et al. 2005). All the machine learning based methods
improve the predictive performance when evolutionary information in the form of
sequence profile, computed from multiple sequence alignment, is used as input. Also a
dynamic programming filter for locating the transmembrane segments can increase
the scoring of all the methods (Punta et al. 2007).

5 Howmanymethods to predict membrane protein topology?

Recently we revisited the problem of membrane protein prediction by implementing,
testing and comparing results from the top scoring predictors of membrane protein
topology. These methods are essentially based on statistical propensity scales, neural
networks and hidden Markov models. How well do they perform? This question is
particularly relevant when we consider genome filtering. For finding a solution to this
problem the rate of false positives and false negative is an important issue. Furthermore
the long-standing-around propensity scale of Kyte and Doolittle (KD) was revisited
by us including a version taking as input sequence profile and it was adopted as a
baseline predictor in our experiments (with these methods only topography can be
predicted; see Table 1). For beta-barrel membrane proteins we have shown that HMM
based predictors are superior to neural network-based ones, being endowedwith amore
stringent selectivity (Bagos et al. 2005).

5.1 From theory to practice

A new integrated and browseable server that contains also precomputed predictions of
sequences contained in the UNIPROT dataset (22 Sept. 2004) is now available. The new
environment/web-server/DAS-server is called PONGO (Amico et al. 2006). It is based
on a relational database and it can be queried through the web interface available at
http://pongo.biocomp.unibo.it (or following a link from www.biocomp.unibo.it), or
through the DAS client at EBI. Due to this implementation, any protein chain can be
filtered by different predictors. The predicted features highlight whether the protein is
or is not endowed with a signal peptide, whether the sequence is or is not a membrane
protein, and in this case its putative topology as computed by six different predictors.
The predictive methods that have been selected and implemented have been previously
described in literature and are considered top scoring for their performance. This

314

Chapter 5.2: The state of the art of membrane protein structure prediction



procedure allows the user to make also comparison among different predictors at the
same time and at the same web site, and to assess whether the expected results are or are
not in agreement with its own experimental finding. Alternatively different predictions,
especially when in agreement, may enforce the expectation that a given chain is a
membrane protein and in this case the putative topology may help in designing
experiments in order to validate (or not) the number of transmembrane helices and
the location of the N and C termini of the protein with respect to the plane of the
membrane. This may be particularly useful when the chain has no homologous
counterpart in the data base of sequences andmay help in highlighting also its function.
We then use the six state of the art predictors in order to identify the most probable
integral trasmembrane proteins. In this way the intersection of the prediction would be
the most reliable set, while the union furnishes a very high level of integral membrane
protein coverage when proteomes are filtered for detecting integral membrane proteins.

The list of the programs that have been wrapped and run locally for the transmem-
brane annotations comprises:

1. TMHMM2.0 which is the predictor of transmembrane helices in proteins based on
hiddenMarkovmodels developed byKrogh et al. (2001). TMHMM2.0 has the great
advantage of being very fast, being based on only single sequence information.

2. MEMSAT is the new version of the predictor of transmembrane helices in proteins
developed by Jones et al. (1994). This version takes advantage of the evolutionary
information derived by multiple sequence alignment.

Table 1 Performance on 121 high-resolved membrane protein chains from PDB

Qtopography Qtopology

Based on single-sequence
Kyte-Doolittle 82/121 (68%) –
TMHMM 88/121 (73%) 67/121 (55%)
TMHMMdomfix 87/121 (72%) 74/121 (61%)
PHOBIUS 96/121 (79%) 75/121 (62%)

Based on multiple sequence alignments
PSI-Kyte-Doolittle 97/121 (80%) –
ENSEMBLE 1.0 105/121 (87%) 92/121 (76%)
ENSEMBLE 2.0 105/121 (87%) 95/121 (79%)
MEMSAT 93/121 (77%) 90/121 (74%)
PRODIV 99/121 (82%) 93/121 (77%)

Qtopography: Number of proteins predicted with the correct number of transmembrane helices and
correct position of transmembrane helices along the sequence (allowing that predicted and
expected position of the helix are at least 50% overlapping). Qtopology: Number of proteins
predicted with correct Topography and correct orientation with respect to the membrane plane
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3. ENSEMBLE is the predictor of transmembrane helices in proteins developed by
Martelli et al. (2003). It is an ensemble of two hiddenMarkovmodels and one neural
network. ENSEMBLE takes advantage of the evolutionary information derived by
multiple sequence alignment.

4. PRODIV_TMHMM_0.91 is a predictor of transmembrane helices in proteins
developed by Viklund and Elofsson (2004) which uses a hidden Markov model
similar to TMHMM, but exploits the evolutionary information derived by multiple
sequence alignment.

5. TMHMM DOMFIX is a predictor of transmembrane helices where according to
the authors, topology predictions was substantially improved by constraining part
of the protein to a given in/out location relative to the membrane using experi-
mental data or other information (Bernsel and vonHeijne, 2005). The predictor was
trained with 367 SMART domains and it is represented by a profile HMM.

6. ENSEMBLE2.0, which is similar to ENSEMBLE, but it is endowed with a new direct
method to assign topology (unpublished) that overcomes the prediction of topog-
raphy by our consensus method, previously described (Martelli et al. 2003). The
algorithm used to assign the topology is the Posterior-Viterbi (Fariselli et al. 2005a).
The models are the amphipatic and hydrophilic HMMs described in Martelli et al.
(2003).

Since it is quite common that signal peptides are mispredicted as trasmembrane
helices due to their hydrophobicity, before running any of the predictors described
above, we test the presence of the signal peptide using SPEP, a signal peptide predictor
(Fariselli et al. 2003b). In case of a positive answer, we cut the corresponding predicted
segment and we process the remainder of the sequence using the six transmembrane
predictors (Fig. 3). Furthermore in Bologna we embedded, in a TRAMPLE environ-
ment, a version of the Kyte-Doolittle predictor supplemented with a sequence profile
input and both a neural network, and a HMM based predictor of all-beta membrane
proteins (Fariselli et al. 2005b; www.biocomp.unibo.it).

6 Benchmarking the predictors of transmembrane topology

6.1 Testing on membrane proteins of known structure
and topology

The predictors are tested by predicting the topography and topology of membrane
proteins known with atomic resolution. As a matter of fact while performing the test,
only the in-house implemented/trained predictors are predicting never-seen before
proteins. This is obtained by adopting a leave-one-out procedure, in which the training
test does not contain the sequence that is predicted. We also compared the overall
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predictions to those obtained on the same test set with Phobius (K€all et al. 2007), a well
performing method specifically suited to discriminate signal peptides from N-terminal
located membrane spanning helixes. The results are shown in Table 1, and listed
depending on the input (single sequence versus sequence profile). We may conclude
that inputs based on sequence profile are scoring higher than methods based on single
sequence.

6.2 Topological experimental data

Even if the three dimensional structure of membrane proteins is very difficult to be
experimentally resolved as the paucity of structural data testifies, techniques based on
fusion with a reporter protein allow to determine the location of the C-terminus with
respect to themembrane plane. Twomodel organismswere taken into consideration for
large scale topology determination in the vonHeijne�s lab: E. coli and S. cerevisiae. In the
case of the first organism, alkaline phosphatase (PhoA) and green fluorescent protein
(GFP) were fused in parallel to the C-terminus of candidate inner membrane proteins.

Fig. 3 Prediction of Human adenovirus receptor precursor with PONGO (Amico et al. 2006)
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Since GFP is fluorescent only in the cytoplasm and PhoA is active only in the periplasm,
measurements on the activity of the two proteins lead to the determination of the
location of the C-terminal region (Daley et al. 2005). In the case of Yeast the reporter
genes are the histidinol dehydrogenase (His4C), which is active only in the cytoplasm,
and the invertase 2 (Suc2), which contains eight N-glycosilation sites that are glyco-
sylated only if the reporter is translocated to the lumen of the endoplasmic reticulum
and then to the extracytoplasmic space. Activity and glycosilation assays on the fused
membrane proteins are then able to determine the location of the C-terminus with
respect to the membrane plane (Kim et al. 2006).

6.3 Validation towards experimental data

In the following test procedure predictions are compared to experimental data,
concerning the location of the C terminus in the whole proteome of E. coli and
S. cerevisiae.

As a general comment, one has to keep in mind that this test is not focused on
correctly predicting the topological model of the protein sequence, but only the location
of the C-terminus with respect to the membrane plane, and that the expected results
have been produced experimentally as described in the previous section. We have
therefore 613 chains from E. coli, and 505 chains from S. cerevisiae. For each organism,
chains are divided in relation to their C-terminus being IN (inner) or OUT (outer) with
respect to the plane of the membrane. For each predictor, identified from its official
name, as explained above, all the correct and wrong predictions are listed, so the results
for the different tables are to be considered as confusion matrices. The results of this
experiment indicate that the performances of the predictors implemented in the
Bologna DAS server for the annotation of membrane proteins can provide reliable
predictions, when scored in a blind way, against sets of membrane proteins whose
C-terminus position was experimentally detected.

From this set of data it appears that for the specific task at hand (the prediction of the
location of C-terminus with respect to the membrane plane) the best performing
predictors are ENSEMBLE2.0 (HMMM2 and HMM1) and PRODIV, with scores as
high as 86.9%, 85.5%, 84.5% for the E. coli protein membrane set, and 83.4%, 82.4% and
83% for the one from S. cerevisiae, respectively.

Furthermore for each predictor the overall accuracy (Q), accuracy for the class
(Q(IN); Q(OUT)), probability of correct predictions for the class (P(IN); P(OUT)) and
Matthew�s correlation coefficient are listed. The first set of data indicates predictions
for 613 membrane proteins from E. coli with 480 sequences experimentally detected
with C-terminus in, and 133 experimentally detected with C-terminus out. The second
set of data indicates predictions for 505 membrane proteins from S. cerevisiae with 419
sequences experimentally detected with C-terminus in, and 86 experimentally detected
with C-terminus out (Tables 2 and 3).
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7 How many membrane proteins in the Human genome?

Methods for the prediction of membrane proteins can be used to find membrane
proteins encoded by a genome. To this aim, the evaluation of the false positive and false
negative rates is crucial. Due to their parametrization, different methods estimate
different contents of membrane proteins.

We annotated with three methods the 33,860 proteins of the human genome, as
reported in version 35 of Ensembl. Signal peptides were predicted with SPEP and
cleaved before the prediction of transmembrane topology. The estimates range from
19.6% of TMHMM, corresponding to 6639 proteins, to 32.3% of MEM-SAT, corre-
sponding to 10,945 proteins. ENSEMBLE predicts 7044 membrane proteins (20.8%).
Considering the false positive and the false negative rates that for ENSEMBLE are both

Table 3 Performance in predicting the C-terminal location in the Saccaromyces cerevisiae membrane
protein set

Method C-ter IN C-ter OUT Global indexes

Pred
IN

Pred
OUT

Pred
GLOB

Pred
IN

Pred
OUT

Pred
GLOB

Overall
accuracy

Correlation

TMHMM 2.0 286 125 8 33 51 2 66.7% 0.22
TMHMMdomfix 275 136 8 34 50 2 64.4% 0.18
MEMSAT 328 84 7 30 52 4 75.2% 0.32
PRODIV 363 36 20 26 56 4 83.0% 0.47
ENSEMBLE 1.0 343 73 3 37 48 1 77.4% 0.33
ENSEMBLE 2.0 374 42 3 33 48 5 83.4% 0.43

Performances are computed on 505 chains whose topology has been experimentally determined
by means of reporter fusions (Kim et al. 2006). The set contains 419 sequences with cytoplasmic C-
terminal (IN) and 86 with extracytoplasmic C-terminal (OUT)

Table 2 Performance in predicting the C-terminal location in the E. coli membrane protein set

Method C-ter IN C-ter OUT Global indexes

Pred
IN

Pred
OUT

Pred
GLOB

Pred
IN

Pred
OUT

Pred
GLOB

Overall
accuracy

Correlation

TMHMM 2.0 360 119 1 36 97 0 74.6% 0.41
TMHMMdomfix 375 100 5 34 99 0 77.3% 0.46
MEMSAT 411 64 5 38 94 1 82.4% 0.53
PRODIV 418 52 10 33 100 0 84.5% 0.58
ENSEMBLE 1.0 391 88 1 40 93 0 78.8% 0.46
ENSEMBLE 2.0 434 45 1 34 99 0 86.9% 0.63

Performances are computed on 613 chains from E. coli whose topology has been experimentally
determined by means of reporter fusions (Daley et al. 2005). The set contains 480 sequences with
cytoplasmic C-terminal (IN) and 133 with extracytoplasmic C-terminal (OUT)
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lower than to 4%, a reliable estimate of the content ofmembrane proteins in the Human
genome ranges from 20 to 24%.

The comparison of the predictions shows an agreement of the three methods for
5752 proteins (17%). These figures highlight a set of chains predicted as membrane
proteins by all the methods and a smaller portion of proteins with more blurred
predictions (Fig. 4).

8 Membrane proteins and genetic diseases: PhD-SNP at work

Single Nucleotide Polymorphisms (SNPs) are the most frequent type of genetic
variation in human population (Collins et al. 1998). Great interest is focused on
non-synonymous coding SNPs (nsSNPs) that are responsible of protein single point
mutations; these mutations occurring in coding regions may have a large effect on gene
functionality. nsSNPs can be neutral or disease associated (Ng and Henikoff 2002;
Capriotti et al. 2006). The question is therefore whether we know enough SNPs in
membrane proteins to make it interesting to model topology in relation to the position
of the mutation along the sequence.

A recent statistics of ours indicates that out of 1308 well annotated human proteins
listed in Swiss Prot with disease-related variants, 393 aremembrane proteins with some
5358 documented mutations. Noteworthy the most frequent disease-related mutations
in membrane proteins are the G/R, L/P, R/W, Q, C, and P/L substitutions.

As an example of a relevant outcome of our analysis, we show the 3D/topological
model of the Erythrocyte Band-3 anion transport protein (Fig. 5). This protein has a

Fig. 4 Distribution of predicted TMproteins among the chromosomes. Human protein sequences are from
release 35 of Ensembl
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known 3D structure of the soluble portion and a large transmembrane portion that
was modeled with PONGO. The snake-viewer of the membrane embedded portion of
the protein shows 12 transmembrane alpha helices where all the disease-related and
neutral mutations are also highlighted. The model is consistent with the location of
the anion transport channel as deduced from experiments, to which both helix V, VI
and VII are contributing.

The present possibility of retrieving a large dataset of annotated SNPs from the
Swiss-Prot Database prompted the application of machine learning techniques to
predict the insurgence of human diseases due to single point protein mutation starting
from the protein sequence (Ramensky et al. 2002). We developed a method based on
support vector machines (SVMs) that starting from the protein sequence information
and evolutionary information, when available, can predict whether a new phenotype
derived from a nsSNP can be related to a genetic disease in humans. The system is based
on two different SVMs: one is a SVM-sequence that performs predictions relying on
sequence information alone; the other is a SVM-profile performing predictions on
profile features when evolutionary information is available. Merging in a unique
framework the two SVMs we got a hybrid predictive method.

On a recent dataset (June 2006) of 23,597 single point mutations, 58% of which are
disease related, out of 4275 proteins, we show that our hybrid predictor can reach more

Fig. 5 Localization of SNPs in the Erythrocyte Band-3 anion transport protein (Genemap locus 17q21-q22).
The atomic structure of the protein N-terminal domain is available (PDB code 1HYN). The transmembrane
portion is predicted with ENSEMBLE (Martelli et al. 2003). SNPs are listed in the SwissProt entry
(B3AT_HUMAN) and their correlation to diseases derives from OMIM (www.ncbi.nlm.nih.gov/omim/).
19 SNPs are related to diseases (familial distal renal tubular acidosis and hereditary spherocytosis), while the
number of neutral polymorphisms is equal to 10. The green ellipse highlights putative helices involved in
the anion transport, as experimentally derived (www.ncbi.nlm.nih.gov/omim/; references in the protein
file)

321

Rita Casadio et al.



than 74% accuracy (with a correlation coefficient of 48%) in the specific task of
predicting whether a single point mutation can be disease related or not. Our
method, although based on less information, reaches the same accuracy, with a higher
correlation coefficient, of the other web-available predictors implementing different
approaches (Ng and Henikoff 2002; Ramensky et al. 2002). Moreover, differently from
other methods, ours always gives a prediction (Capriotti et al. 2006).

We design a web server integrating our SVM predicting methods, called Predictor
of human Deleterious Single Nucleotide Polymorphisms (PhD-SNP). The server is a
user friendly resource that gives the possibility of retrieving predictions via e-mail.
The submission form is very simple and the user has to paste the query sequence, to
select the mutation position and the mutated residue in relative input boxes; further-
more he can choose the predictive method. Best results are obtained when evolutionary
information is available and when it is possible to perform predictions using the hybrid
predictive method (Capriotti et al. 2006).

The results on how well the system is performing when predicting disease-related
SNPs on a set of membrane proteins are shown in Table 4, and compared to the same
results on a set of globular proteins.

9 Last but not least: 3D MODELLING of membrane proteins

In principle all the strategies used for predicting the 3D conformation of globular
proteins can be adopted to predict the structure of membrane ones. Given a target
sequence, when a protein with similar sequence and known structure is available in the
PDB, comparative modeling procedures can be successfully used. However, due to the
scarcity of membrane proteins solved at atomic resolution, the search for homologous
templates can be very unfortunate. For this reason the quest for a suitable template
needs to includemore information, such as functional features and strategies for remote
homology search.

Table 4 Performances of PhD-SNP2.0 on neutral and disease-related SNPs in human proteins

Accuracy Correlation Spec (D) Sens (D) Spec (N) Sens (N)

All proteins 78% 0.58 80% 80% 78% 78%
Membrane proteins 80% 0.57 84% 83% 73% 73%

The “All proteins” set consists of 15,266 disease related SNPs (D) and14,226 neutral polymorphisms
(N) derived from 5976 sequences annotated in Swiss Prot (release 54.0). The “Membrane proteins”
subset consists of 9094 disease-related SNPs (D) and 5556 neutral polymorphisms (N) out of 1992
membrane proteins annotated in the same release of Swiss Prot. Spec: Specificity is computed as
the number of correct predictions over the total number of predictions in the class. Sens: Sensitivity
is computed as the number of correct predictions over the total number of proteins belonging to
the class
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Tools for the prediction of membrane topology can support this task, by con-
straining the number of transmembrane segments of the suitable templates. This is
particularly true in the case of beta-barrel fold, whose architecture is quite well defined
when the number of transmembrane beta-strands is known. On the contrary, the
conformations of different all-alpha membrane proteins having the same number of
transmembrane segments can be largely different and functional features have to be
carefully taken into consideration in choosing the templates (Casadio et al. 2006).

When suitable templates have been found, the overlap between the predicted
topology of the target and the real transmembrane segments of the template guides the
pairwise alignment procedure. A model is then built using standard comparative
techniques and on the basis of the structural quality check the alignment can be
iteratively refined, taking into consideration more features, such as the hydrophobicity
of residues, or the location of functional sites.

Our group has successfully addressed the modeling of 3D structure of some
membrane proteins starting from the sequence and validated them with ad hoc wet
experiments, including site directed mutagenesis, fluorescence spectroscopy or gene
expression. In particular the conformation of mithocondrial Voltage Dependent
Anion Channels from different eukaryotic organisms was modeled on the basis of
a 16-stranded bacterial porin (Casadio et al. 2002; Aiello et al. 2004). The topography
of the target sequence was predicted and then a template with the same number of
strands in the barrel was selected from the database of prokaryotic porins known at
atomic resolution (Fig. 6). Alignment was done overlapping the predicted topography
and a comparative modelling strategy was adopted. The resulting model was able to
cast all the known functional features available in the literature. A similar strategy
was also adopted for the all-alpha mitochondrial oxoglutarate carrier (Morozzo della
Rocca et al. 2005).

For small all-alpha membrane proteins, when no suitable template can be found, a
knowledge-based method can be applied to the structure prediction. This method
searches for supersecondary structural fragments in a library of atomic-solved trans-
membrane alpha helices. In a second step the fragments are assembled with a simulated
annealing algorithm taking into consideration classical energy terms and a statistical
potential derived from an analysis of membrane proteins known at atomic resolution.
The membrane potential is added to classical energy terms, and derived from a
statistical analysis of a selected database of membrane proteins (Hurwitz et al. 2006).

10 What can currently be done in practice?

Presently we can take advantage of the available information in the data bases and in
literature for annotating membrane proteins. We may recognize with a certain like-
lihood of success if a chain is or is not amembrane protein of either type.We can predict
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and discover (after experimental validation) new membrane proteins (Marani et al.
2006). We can model the membrane protein topology, taking advantage of the
constraints imposed by the membrane bilayer: we can predict the transmembrane
regions of either type of structural architecture and then organize the transmebrane
regions with respect to the plane of the membrane. Eventually we can also model them
up to their 3D structure, depending on their structural type and we can also investigate
in humans how their folding/misfolding is related to diseases.

11 Can we improve?

Always, provided that we are very careful in selecting our training/testing set, in
avoiding redundancy and by keeping in mind that most of the problems that we
discussed throughout the chapter have not yet been resolved. It is a matter of fact
that experiments can always tell us how to improve our tools, and in turn, computations
can tell us whether we do the most appropriate experiment.

Fig. 6 Prediction of the topology of the OMP32 anion-selective porin from Delftia acidovorans (PDB
code: 2FGQ). The topology was predicted with HMM-B2TMR (Martelli et al. 2002), using the TRAMPLE
environment (http://gpcr.biocomp.unibo.it/biodec/) (Fariselli et al. 2005b). The protein was not contained
in the training data set. The accuracy of the prediction, after the comparison with the known structure
(shown), scores as high as 80%
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