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belonging to the all-α structural class. HPM method is an 
original classification procedure that efficiently combines 
sequence and structure learning. The procedure was ini-
tially applied to the analysis of globular proteins. In the 
present case, HPM classifies a set of overlapping protein 
fragments, extracted from a non-redundant databank of 
TMP 3D structure. After fine-tuning of the learning param-
eters, the optimal classification results in 65 clusters. They 
represent at best similar relationships between sequence 
and local structure properties of TMPs. Interestingly, HPM 
distinguishes among the resulting clusters two helical 
regions with distinct hydrophobic patterns. This underlines 
the complexity of the topology of these proteins. The HPM 
classification enlightens unusual relationship between 
amino acids in TMP fragments, which can be useful to 
elaborate new amino acids substitution matrices. Finally, 
two challenging applications are described: the first one 
aims at annotating protein functions (channel or not), the 
second one intends to assess the quality of the structures 
(X-ray or models) via a new scoring function deduced from 
the HPM classification.

Abstract  Transmembrane proteins (TMPs) are major 
drug targets, but the knowledge of their precise topology 
structure remains highly limited compared with globular 
proteins. In spite of the difficulties in obtaining their struc-
tures, an important effort has been made these last years to 
increase their number from an experimental and computa-
tional point of view. In view of this emerging challenge, the 
development of computational methods to extract knowl-
edge from these data is crucial for the better understand-
ing of their functions and in improving the quality of struc-
tural models. Here, we revisit an efficient unsupervised 
learning procedure, called Hybrid Protein Model (HPM), 
which is applied to the analysis of transmembrane proteins 
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Introduction

Membrane proteins (MP) are estimated to cover 25–30 % 
of the whole set of proteins (Liu et  al. 2002; Nugent and 
Jones 2009; Wallin and von Heijne 1998; Sutormin et  al. 
2003). Thus, they play a crucial role in the cells in perform-
ing many complex physiological functions, such as signal-
ling, transport through the membrane with ions (Gamper 
and Shapiro 2007), metabolites (Visser et  al. 2007), pep-
tides or RNA (Cohen 2005), energy generation, regulat-
ing intracellular vesicular transport, controlling membrane 
lipid composition (Szalontai 2009) and maintaining of 
structural architecture of cells (Burgess et al. 1994).

Their role in many crucial physiological functions also 
makes them important drug targets, accounting about 
60–70 % of the studied drug targets (Arinaminpathy et al. 
2009; Yildirim et al. 2007; Giacomini et al. 2010). There-
fore, studying the membrane protein structures and their 
function stays a crucial topic in chemistry, biology and 
computational sciences (Arinaminpathy et  al. 2009; Elof-
sson and von Heijne 2007; Nam et  al. 2009; Nugent and 
Jones 2012; von Heijne 2011).

Expression, stabilization in a near-native environment, 
or crystallization of transmembrane proteins (TMP) (Pie-
per et  al. 2013) are technical issues that limit the num-
ber of solved structures (~1–2  %) by comparison with 
globular proteins (White 2009). Hence, computational 
approaches can be valuable tools for predicting membrane 
protein structures and understanding their function (Nam 
et al. 2009; Nugent and Jones 2012). Most methods dedi-
cated to TMP structure prediction start with the detection 
of transmembrane segments. The state-of-the-art methods 
are based on Hidden Markov models (HMM), neural net-
works (NN), support vector machine (SVM) and recently 
weighted-random forests. The prediction rate reaches on 
average ~70  %. From this starting point, methods have 
been developed to predict the protein topology. This predic-
tion can be a useful prelude to identify a 3D structure using 
fold recognition approaches. Indeed, the popular homol-
ogy techniques are limited by the low number of templates 
and the difficulty to obtain accurate sequence alignments 
between the template and targets, as exemplified in differ-
ent studies. Beside the alignment algorithm itself, a key ele-
ment is the amino acid substitution matrix (SM). The two 
most popular SM, PAM (Dayhoff and Schwartz 1978) and 
BLOSUM (Henikoff and Henikoff 1992), were initially 
deduced from comparison of sequences of soluble proteins. 

Then, specific matrices were developed for membrane pro-
teins, e.g. JTT transmembrane (Jones et al. 1994), Persson–
Argos (Persson and Argos 1994), PHAT 75/73 (Ng et  al. 
2000) and very recently Membrane Fugue (Hill et al. 2011) 
to take better account for the different environments experi-
enced by a transmembrane protein, from highly hydrophilic 
for the extramembranous regions to highly hydrophobic for 
the transmembrane domains. Hence, some authors com-
bined in a bipartite scheme, different substitution matrices 
adapted to each environment (Forrest et al. 2006; Pirovano 
et al. 2008; Shafrir and Guy 2004; Sutormin et al. 2003). In 
most cases, some improvements were achieved in sequence 
alignments. Recently, Deane and co-workers (Kelm et  al. 
2010) went a step further by proposing different substitu-
tion matrices specific for different locations along the trans-
membrane segments. Significant differences with soluble 
proteins were emphasized that were mainly attributed to 
changes in hydrophobicity and also in secondary structures. 
To summarize, all these studies underline the importance of 
the secondary structures (Stamm et al. 2013) and the spe-
cific usage of amino acids in membrane proteins compared 
to soluble proteins.

From a structural point of view, the folds of TM proteins 
are generally separated into two classes, the β-barrel and 
the all-α class, the latest one being the most abundant one 
and the most studied. In the all-α class, the proteins fold 
as α-helices bundles crossing the membrane (Fuchs et  al. 
2009; Lo et al. 2009; Nugent and Jones 2010; Wang et al. 
2011), the structural stability being governed by tight 
and specific interactions between residues (Marsico et  al. 
2010a, b; Walters and DeGrado 2006; Nagarathnam et al. 
2011). Besides secondary structures, local structures (e.g. 
structural motifs) have also been identified. For exam-
ple, re-entrant regions, which are non-helical segments 
located at least within one leaflet of the membrane, have 
been shown to play important structural or functional roles 
(Viklund et  al. 2006). They are found for instance in the 
pore region of some channels. Kinks are other important 
local distortions motifs that impact the interactions with 
neighbouring helices or lipids (Hall et al. 2009; Langelaan 
et al. 2010; Meruelo et al. 2011; Yohannan et al. 2004a). To 
summarize, the 3D structures available nowadays show a 
larger local structural diversity than was initially suspected.

Hence, in the present article, we have performed a spe-
cific and accurate insight of these proteins, with the aim 
to better understand them and develop tools for predict-
ing or analysing (Hill et al. 2011). We focused on the all-α 
class to have sufficient data for deciphering relevant rules. 
We have analysed the sequence–structure relationship and 
examined the two aspects mentioned above, i.e. the local 
structures and the amino acids use. To do it, we have taken 
advantage of a combined sequence–structure learning pro-
vided by an original and reliable unsupervised learning 
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approach, called Hybrid Protein Model (HPM) (de Brevern 
and Hazout 2000, 2003; Benros et  al. 2006; Bornot et  al. 
2009). This method has shown its efficiency and usefulness 
in globular proteins, for elaborating a structural alphabet 
i.e. a library of peptide fragments (de Brevern et al. 2000, 
2002; Joseph et  al. 2011), finding similar folds, structural 
alignments (de Brevern and Hazout 2001) or the prediction 
of flexibility (Bornot et al. 2011; de Brevern et al. 2012). Its 
originality relies on the capacity to combine and compact 
physico-chemical properties and structural information.

First, we built a set of fragments obtained by dividing a 
non-redundant databank of TM structures into overlapping 
pieces of 5-residues length. The fragments were described 
by structural and physico-chemical properties. The learn-
ing process resulted in 65 clusters of peptide fragments, 
representing at best the combination of local sequence and 
structure information of TMPs. Interestingly, the method 
identified distinct helical patterns, and also local motifs 
related to the positioning with respect to the membrane. 
Importantly, the method has brought new amino acid asso-
ciations, which enables to define a new substitution matrix 
dedicated to membrane proteins comparison. Finally, the 
interest of the method is exemplified by two challenging 
applications: (1) its capacity to distinguish channel from 
non-channel proteins; (2) its potentiality to evaluate the 
quality of structures (X-ray or models). Promising results 
were obtained, which opens the way to help for model-
ling membrane proteins using general modelling software 
[I-TASSER (Roy et al. 2010), Modeler (Sali and Blundell 
1993; Eswar et al. 2006)] or dedicated software [Medeller 
(Kelm et al. 2010)].

Materials and methods

Data set

The non-redundant databank of all-α TMP structures was 
obtained using various dedicated databases, e.g. OMP 
(Lomize et al. 2006), TMPDB (Ikeda et al. 2003), PDBTM 
(Tusnady et al. 2004, 2005), and Nugent’s data set (Nugent 
et  al. 2011). Protein structures with X-ray resolution bet-
ter than 2.5 Å were selected. Sequence redundancy was 
eliminated using firstly Cd-hit (Li and Godzik 2006) and 
then CLUSTALW (Thompson et  al. 1994). In the final 
dataset, the sequences share less than 50 % sequence iden-
tity. Representative proteins were selected based on (1) 
best resolution, (2) no missing residues in the transmem-
brane regions, and (3) no mutations in the transmembrane 
regions. In case of alternate positions, atoms with occu-
pancy values upper than 0.5 were selected. For occupancy 
factors equal to 0.5, the first atom was selected. Selenium 
atoms from selenocysteine (Sec) and selenomethionine 

(Sem) were replaced by sulphur atoms and the residue 
types were modified accordingly, i.e. cysteine (Cys) and 
methionine (Met), respectively. The final databank con-
tained 52 PDB files (Berman et al. 2000) corresponding to 
65 protein chains and 15,992 residues (see table S1). We 
also checked the influence of the databank by considering 
two other datasets, one with fewer proteins and a new one 
containing more recent structures. We calculated the Pear-
son’s Correlation Coefficient between the Z-scores amino 
acid and protein blocks obtained with our databank and the 
two other datasets. The high PCC obtained in both cases, 
i.e. 0.9 and 0.96 with the smaller databank and the newer 
one, respectively, demonstrates that the results described in 
the following are solid.

Protein blocks

Protein blocks (PBs) correspond to a library of small frag-
ments able to approximate the local protein backbone (de 
Brevern et  al. 2000). PBs are widely used for the study 
of globular proteins (Joseph et  al. 2011). This structural 
alphabet comprises 16 small structural fragments of 5-res-
idue long labelled by letters from a–p. These fragments 
are encoded in (ϕ, ψ) vectors. PBs a–f describe mainly 
β-sheets, with d corresponding to the more regular central 
part. PBs d are flanked on N-caps by PBs a–c and C-caps 
by PBs e and f. PBs k–p mainly correspond to α-helix, 
with PB m associated with the central part of a right helix. 
PBs g–j are associated with coil structures (de Brevern 
2005).

Definition of the Hybrid Protein Model (HPM)

Hybrid Protein Model is an unsupervised learning approach 
able to compact simultaneously protein sequence and struc-
ture information (de Brevern and Hazout 2000, 2003). The 
principle is similar to Self-Organizing Maps (Kohonen 
2013) and consists in optimally learning a set of fragments 
from a protein structure databank. In this study, 14,649 
fragments (noted f) of 5-residue length were learnt using 
HPM. Each fragment f is described by a vector v with 31 
components, i.e. 15 values coding sequence properties (3 
sequence properties × 5 amino acids) and 16 values cod-
ing structure properties. Sequence properties considered 
are polarity, volume and hydrophobicity (see Table S2). 
The associated values are obtained from dedicated scales 
(Grantham 1974; Zamyatnin 1984; Eisenberg et  al. 1984) 
and were normalized between −1 and 1. The 16 structural 
properties correspond to cosine and sine functions of the 8 
(ϕ, ψ) dihedral angles. It must be noticed that, for a given 
protein, fragments are overlapping, and consequently, two 
successive fragments f have 4 residues in common, e.g. res-
idues 2–5 for fragment fi and residues 1–4 for fragment fi+1.
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In the present study, Hybrid Protein (HP) matrix is 
a matrix of dimensions L × m, where L is the number of 
classes and m correspond to 31 characteristics described 
previously. Each class contains a family of fragments f. The 
learning step of all fragments f is similar to a Kohonen’s 
Self-Organizing Map or SOM (Kohonen 2013), except that 
the diffusion is implicitly included as the fragments f are 
overlapping and their environment [f − w; f + w] is taken 
into account during the learning (here, w = 6).

(i)	 Initialization; a HP matrix of dimension L × m is ran-
domly initialized in choosing L fragments f coded by 
their vectors v in the databank.

HPM relies on 2 main steps (see Fig. 1): 

(ii)	 Learning; the process is iterative: (1) one fragment f 
with its environment (±w) is randomly selected from 
the databank. It is associated with a sub-matrix sm of 
dimension W ×  v, where W equals to (w ×  2) +  1, 
and v corresponds to vectors of 31 components (see 
Fig. 1a). (2) For every position p of the HP, the Euclid-
ean distance S(p) (for Score p), is calculated between 

sm and a sub-matrix HPsm of the same dimension, the 
central position corresponding to p (see Fig.  1b). A 
score profile is then established along HP. (3) The min-
imal score Smin is associated with the maximal simi-
larity between both sub-matrices. The corresponding 
position in HP is noted p* (see Fig. 1c). (4) To improve 
agreement with sm, the sub-matrix HPsm(p*) is then 
slightly modified according to Eq. 1:

where n is the number of sub-matrices sm already seen 
by the HP, N is the total number of sub-matrices in 
databank and α0 is the initial learning coefficient (see 
Fig. 1d). Convergence of HPM is ensured by progres-
sively decreasing the learning coefficient α(n) during 
the training (see Eq. 2). This process is iterated C times 
for all fragments f. Note that HP is circular, e.g. the last 
position L is contiguous with the first position.

(1)HPsm
(

p∗
)

= HPsm
(

p∗
)

+
(

sm − HPsm
(

p∗
))

. α(n)

(2)α(n) =
α0

1+ n
N

,

Fig. 1   Learning approach HPM to study the sequence–structure 
relationship in transmembrane proteins. a From the non-redundant 
databank, overlapping fragments of five-residue length are gener-
ated. These fragments are coded in a vector of 31 components (5 for 
polarity, 5 for volume, 5 for hydrophobicity, 8 for cosine and sine 
of ϕ angles, 8 for cosine and sine of ψ angles). b A matrix named 
Hybrid Protein (HP) is built from fragments chosen randomly. Then, 

all fragments are learnt along with their residue environment (window 
size, W = 13). For each sub-matrix (sm), a Euclidean distance score 
is computed at all positions of the matrix. c The position p with the 
minimal score is identified, namely p*. d The position p* and its local 
surroundings are modified to learn the presented example, i.e. it rein-
forces the agreement with sm
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Calibration for finding the optimal HPM

As detailed above, the HPM mainly depends on four major 
parameters, which are coupled. First, the learning process 
efficiency requires a good balance between the learning 
coefficient α0 and the number of cycles C. A too small 
value for α0 would prevent from bypassing a poor initiali-
zation, whereas a high value for α0 would require high C 
value to reach convergence.

Second, the size of the learning window W and the 
number of classes L will also largely influence the output 
of the procedure. These two parameters mainly depend on 
the nature of data and need to be calibrated accordingly. In 
the present work, the choice of W was fixed and based on 
recommendations drawn from previous studies (de Brevern 
and Hazout 2000, 2003; de Brevern et al. 2000) and values 
used in the literature, namely W equals 13. This window 
size, which corresponds to 17 residues, allows taking into 
account the most hydrophobic part of transmembrane heli-
ces, which may range from 16 to 42 residues as observed 
by (Papaloukas et al. 2008) and our study on OMP (Lomize 
et  al. 2006). The number of L classes is also crucial and 
will strongly impact the final description of learnt patterns. 
It results from a fine balance between a detailed descrip-
tion, i.e. a large value for L, and enough data to avoid bias, 
i.e. a minimal number of fragments for each class.

Last, overlapping is a main feature of HPM learning 
approach; it is so important to check that consecutive frag-
ments are often found in successive classes. Hence, we 
used two additional measures, defined by Eqs.  3 and 4, 
respectively, to control the efficiency of the classification. 
Given the transition Ti,k between positions i and k and the 
continuity COi in position i, which is defined as to Ti,j+1

with Ni,k the number of fragments fi found at the ith posi-
tion in the HP with following fragment fi+1 found at the kth 
position in HP, while Ni is the total number of fragment fi 
found at the ith position. Note that the overlapping of clus-
ters also hampers the initialization step of HPM.

For defining the optimal HP, we tested several values 
for the different parameters mentioned above, i.e. L (from 
50 to 100), α0 (from 0.01 to 0.5) and C (from 20 to 100) 
values (data not shown). 100 independent simulations were 
done for each length L with different parameter values. The 
most representative HP was obtained in two steps: (1) from 
the 100 independent HP simulated (100 random initializa-
tions), the distance between all pairs of HP matrices was 
computed and the HP associated with the smallest distance 

(3)Ti,k =
Ni,k

Ni

(4)COi = Ti,j+1 =
Ni,j+1

Ni

to all the others was selected, i.e. the centroid. The opti-
mal learning parameters for the first step correspond to 
α0 = 0.35 with C = 30 cycles. (2) This HP was used as a 
new initialization matrix for 100 new trainings with lower 
learning coefficient α0 (0.05), and C equals to 25 cycles. 
As previously, the HP with the smallest distance to the oth-
ers amongst the 100 simulations was finally selected as the 
most representative one.

Implementation and statistical analyses

HPM program was entirely coded in C language based 
on previous program (de Brevern and Hazout 2000). PDB 
analysis was done with separate software also written in 
C (de Brevern 2005). Helix geometry analyses were done 
with HELANAL software (Bansal et al. 2000). R software, 
version 2.10.1 (http://cran.r-project.org/) was used for some 
statistical analyses and figures. Hierarchical clustering was 
performed using Ward algorithm implemented in R soft-
ware (hclust).

Sequence and structure specificities were obtained by 
computing Z-scores that quantify over- and under-represen-
tation of amino acids or PBs (de Brevern et al. 2000):

where nobsij  is the observed number of jth amino acid 
(j = 20) or PB (j = 16) in the position i. Ni is the total num-
ber of amino acids (respectively, PBs) in position i and fj 
is the frequency of amino acid j (respectively, PB) in the 
databank.

Kullback–Leibler asymmetric divergence measure (KLd) 
relative entropy gives a precise estimation of the informa-
tivity of a given position (Kullback and Leibler 1951; de 
Brevern et al. 2000):

This value quantifies the contrast between the observed 
amino acid (or PB) frequencies p: {pi} 1,…, 20; or PB fre-
quencies p: {pi}1,…, 16 and a reference probabilistic dis-
tribution q{qi} (de Brevern et al. 2000).

Amino acid equivalences and substitution matrices

Sequence specificities evidenced for each HPM position 
were used to identify equivalent residues.

As HP* matrix represents the optimal clustering of 
fragments encoded in terms of sequence and structural 

(5)Z − Score(i, j) =
nobsij − ntheoij
√

ntheoij

(6)ntheoij = Ni.fj,

(7)KLdi(p, q) =
∑

pi ln

(

pi

qi

)

.

http://cran.r-project.org/
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properties, it is possible to identify for each HP* position 
the corresponding amino acid distribution. This distribution 
was defined as a Z-score (j, i) for amino acid i in position j 
[see Eqs. (5) and (6)]. So, the characteristics of each amino 
acid i are stored in a vector vi of 65 length, whose each 
component j contains Z-score information for each position 
j of HP*. The Euclidian distance between two amino acids 
i and k, is defined as:

Groups were based on this Euclidean distance Di,k. The 
grouping was computed using the pvclust (Suzuki and Shi-
modaira 2006) routine available in R package that consists 
in a hierarchical clustering using the complete method. The 
procedure allows assessing the reliability of the group-
ing by computing an Approximately Unbiased (AU) p 
value, resulting from multiscale bootstrap resampling. The 
method was also applied for different substitutions matri-
ces (SMs) widely used for sequence alignment or mining 
purposes. In this case, the distance between amino acid i 
and j, Di,j, is the Euclidean distance between two vectors 
of 20 length and containing substitution values. Different 
substitution matrices were considered, specific of trans-
membrane sequences, i.e. PHDhtm 80 (Ng et  al. 2000), 
Persson–Argos 80 (Ng et  al. 2000) and PHAT 75/73 (Ng 
et  al. 2000) (noted TM-SM) or not specific as BLOSUM 
62 matrix (Henikoff and Henikoff 1992). Indeed, BLO-
SUM was shown to be as efficient as PHAT matrix for TM 
pair-wise sequences alignment (Forrest et al. 2006) and to 
achieve good multiple sequence alignments for membrane 
proteins (MP) when used in a bipartite scheme with PHAT 
(Pirovano et al. 2008). Statistical analyses were performed 
to compare these matrices with HP*-SM, by computing 
correlation coefficients with Spearman or Pearson methods, 
noted SCC and PCC, respectively.

HPM‑substitution matrix (HPM‑SM) for TM sequence 
alignment

The HPM-substitution matrix had been used to perform 
TM sequences alignment. Please notice, that HP*-SM val-
ues from Z-scores were shifted to be in the same range as 
Blosum62 (HPM-SM is given in Table S4 in SI).

For an ease comparison of HPM matrix to Blosum62 
matrix on alignment, we perform a scaling on both vari-
ance and average of values our matrix to scale those of Blo-
sum62. For this purpose, we computed Z-scores that were 
further translated and scaled to reach a similar mean and 
standard deviation of Blosum62 scores. Finally, the matrix 
was symmetrised such as Sij* = (Sij + Sji)/2, where Sij rep-
resents the substitution cost of amino acid i by j.

(8)Di,k=

√

∑

j=1,65

(Z − score(j, i)− Z − score(j, k))2.

Besides HPM-SM values, gap opening (named gapo-
pen) and gap extension (named gapextend) parameters are 
required to perform sequence alignments. An extensive test 
was conducted to optimize these two parameters. Gapo-
pen and gapextend were varied in the range (4.0–25.0) and 
(0.1–8.0), respectively, by steps of 0.5. All combinations 
of pairs were tested. Muscle 3.6 (Edgar 2004a) was chosen 
for performing the multiple sequence alignments as it was 
shown efficient for aligning membrane sequences (Stamm 
et al. 2014) and offers the opportunity to input a substitu-
tion matrix.

Two datasets were used to assess the performance of 
HPM-SM: (1) sequence alignments available in reference 
7 of Balibase dataset (denoted as Bali in the following) 
(Thompson et  al. 2005); (2) Homep2 dataset (homep2) 
developed by Forrest’s group and detailed in (Stamm et al. 
2013). For Bali, we calculated multiple sequence align-
ments for each of the 8 families: 7tm, acr, dtd, ion, msl, 
Na, photo and ptga. For Homep2, as it corresponds to 
sequences with 3D known structures, we first performed 
pairwise structural alignment with TM-align software 
(Zhang and Skolnick 2005) and compared the resulting 
alignment of pairs of sequences to those obtained with 
HPM-SM. The pairwise alignment analyses led to 177 
alignments based on 81 sequences clustered in 22 groups 
[see SI of ref. (Stamm et  al. 2013)]. The quality of the 
alignments was compared to their reference using Qscore 
tool (Edgar 2004b) that provides Q-score (identical to Bali 
score), TC score, Cline score and Modeler score (Sauder 
et al. 2000; Tress et al. 2003; Cline et al. 2002; Thompson 
et  al. 1999). HPM-SM performance was finally evaluated 
in comparison to that of Blosum62 matrix used by default 
in Muscle 3.6. For each pair of gap values, we calculated 
the ranking for each type of scores, and they were com-
pared with the results with Blosum62 matrix.

Results

The original unsupervised learning procedure used in the 
present work allowed classifying simultaneously struc-
ture and sequence properties of fragments in similar clus-
ters, while taking into account overlapping between these 
fragments. Besides the learning parameters, which were 
checked carefully, the number of classes (or positions 
in HPM) was the key feature that strongly influenced the 
identification of relevant patterns in α-helical transmem-
brane proteins.

The result of the procedure is a matrix in which the 
number of rows represents the number of features consid-
ered (sequence–structure), whereas the columns correspond 
to clusters or classes. The labels of the clusters are impor-
tant due to the existence of transition properties. Hence, to 
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underline this relationship we will use preferentially the 
term “positions” for clusters in the following.

We detail in the following sections the main characteris-
tics of the positions obtained with the optimal HP*. Then, we 
propose some alternative groupings and we examine the sub-
stitution properties of amino acids deduced from the present 
classification. Finally, we suggest two useful applications of 
HP*: (1) the annotation of protein functions by discriminat-
ing the channels and others; (2) the access to the quality of 
structural models of TMPs via global and local scoring func-
tions. This last point is very important, as no dedicated tool 
still exists for ranking TMPs structural models.

Characteristics of the selected HP matrix (HP*)

The HP* matrix was defined as the most representative 
HP of all simulations. It was obtained after the two-step 
learning process described in “Materials and methods”. A 
number of 65 positions (L = 65) in the HP* matrix allowed 
obtaining a good balance between the number of fragments, 
significant sequence signatures and fine structural charac-
teristics in the clustering. Different lengths of HPM were 
tested, with L varying between 50 and 100 positions as 
done previously (de Brevern and Hazout 2003). The short-
est HPM led to characterize only one kind of helix, whereas 
the longest HPMs led to positions with a too small number 
of occurrences to be relevant. For instance for L = 75, the 
positions with the minimal occurrence was of 15 and the 
percentage of continuity reached only 65 %. Hence, HP*, 
illustrated in Fig. 2a, is a matrix of dimension 65 × 31. For 
each position p (p =  1, …, 65), the vector v contains the 
following properties from learnt fragments (5 residues): 
polarity (zone ranging from 1 to 5), volume (6–10), hydro-
phobicity (11–15), cosine/sine ϕ (16–23), and cosine/sine 
ψ (24–31). The small diagonal lines reflect shared proper-
ties between successive positions, mainly due to the over-
lapping before mentioned. However, the vector v in posi-
tion p is not a simple shift of previous position (p −  1). 
For instance, comparing the positions 4 and 5 (x-axis), the 
value of 8th row (position 4) is −0.203 in the range [−0.4: 
−0.2]; whereas the 7th row (position 5 equals to −0.199). 
However, all differences in diagonals are smooth looking at 
the value scale, i.e. the values are continuous.

Analysis of this matrix showed in most positions, 
well-defined patterns representative of sequence and/or 
structural characteristics. For instance, positions 31–36 
are associated with high hydrophobic properties (zone 
[11–15] along the y-axis) while positions 7–11 and 21–48 
are associated with peculiar structural properties (zone 
16–31 along the y-axis). In this latter, the cosine and sine 
ranged between [0.2:0.6] and [−1.0:−0.8] for ϕ angles and 
[0.6:0.8] and [−0.8:−0.4] for ψ angles, respectively. These 
values mostly correspond to helical conformation.

As already mentioned, the number of fragments (see 
Fig. 2b) and the percentage of continuity COi (see Fig. 2c) 
are also major parameters for assessing HP learning, e.g. 
they were used to select the final length of HP*. During the 

Fig. 2   Characteristics of the HP* matrix. a The HP* is composed of 
65 classes (x-axis), characterized by vectors of length 31. y-axis (for 
fragments of 5 residues): polarity [zones 1–5], volume [zones 6–10], 
hydrophobicity [zones 11–15] and cosine/sine of dihedral angles ϕ 
[16–23] and ψ [24–31]. The colour scale ranges from −1 (blue) to 
1 (red). b The histogram shows the distribution of protein fragments 
at each position of HP*. c The percentage of continuity (% cont) 
between fragments is plotted for each class of HP*. For a position p 
and given fragments f, % cont corresponds to percentage of fragments 
(f + 1) found in the position (p + 1). The only exception is the last 
position (p = 65), where the % cont is calculated using the first posi-
tion (due to the periodicity of the matrix) (colour figure online)
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training, 14,649 fragments were learnt. Position 37 corre-
sponds to the most populated cluster (410 fragments) while 
position 9 is the least populated one with only 66 frag-
ments (see Fig. 2b). The average number of fragments per 
position equals 225 with a standard deviation of 87. The 
continuity value COi equals 79 % on average. This value, 
which can reach 94.5 % in position 45, demonstrates that 
the learning procedure has efficiently trapped the overlap-
ping between successive fragments f and f + 1 in a given 
protein and mainly distributed these fragments in consecu-
tive positions i and i +  1 in HP* (see Fig.  2c). For most 
positions, alternative transitions are only weakly populated 
with less than 5 % on average (see Figure S1). Only three 
zones located in positions 5–10, 42–43 and 54–60 in HP* 
exhibit more fuzzy patterns with a continuity value drop-
ping to 34 % for positions 8 and 42. Nonetheless, the lim-
ited number of fragments in the corresponding positions 
prevented from identifying significant additional preferen-
tial transition (see Figure S1).

Analysis of the learning: distribution of amino acids 
(AA) and protein blocks (PBs)

The sequence–structure relationship learned by HP* was 
analysed using protein blocks description and amino acid 
over and under representations. First, the information con-
tent of each position was examined by computing the Kull-
back–Leibler asymmetric divergence measure (KLd) rela-
tive to entropy for AA and PBs (see Fig. 3a, b, respectively). 
The two profiles are different with a large flat zone ranging 
from 20 to 45 for PBs. Yet, the most informative positions 
are found in similar locations 1, 18, 24, 31, 39 and 51 of 
HP* for amino acids and in 18–20, 49–54 for PBs. In both 
cases, the position 51 is the most informative position (see 
arrows on Fig. 3), i.e. associated with high KLd values.

Second, Z-scores were computed to underline in details 
the different positions (see Fig.  4). Considering structural 
data, PB m, mainly associated with α-helical conformation, 
is over-represented in two regions located between posi-
tions 21–48 (Type 1 helix) and 4–13 (Type 2 helix) (see 
blue lines of Fig.  4a). These two helical regions are well 
segregated in HP*, indicating that each of them comprises 
distinct features (see below). From a structural point of 
view, Type 1 helix corresponds to a straight helix, whereas 
Type 2 helix is characterized by large kink values (see Fig 
S4). Two non-helical regions are found in positions 16–20 
and positions 52–3 (notice that position 1 is contiguous to 
position 65 in HP model). The fragments clustered in these 
non-helical regions correspond to loops connecting helices 
or elongated fragments in β-strands (e.g. PBs c, d or e).

Z-score values of amino acids (see Fig.  4b) allowed 
completing HP* features description: a strongly hydropho-
bic region (positions 28–36) with an over-representation 

of isoleucine (I), valine (V), leucine (L), phenylalanine (F) 
is located in the longest helical region of HP*, i.e. Type 1 
helix. It corresponds to the hydrophobic core of the trans-
membrane helices. Polar and charged amino acids (N, Q, 
D, E, R and K) were not segregated in distinct zones, but 
are over-represented in positions 12, 16, 21 or 24. These 
positions are associated with helix extremities. Note that 
Type 2 helix does not show any amino acid preferences 
except position 12 characterized by an over-representation 
of charged residues and under-representation of hydropho-
bic residues.

HP* also highlights known features about proline and 
glycine residues. Proline is over-represented in non-helical 
regions or at ends of helical regions, i.e. positions 1, 2, 19, 
52–54, 62 and 64. This result relates to its role of distor-
tion inducer (“helix breaker”) in soluble and in membrane 
helices as discussed in different studies (Cordes et al. 2002; 
Sansom and Weinstein 2000; Yohannan et al. 2004b). Inter-
estingly, glycine is over-represented at the most informative 
positions 18 and 51 and also located inside a helical region 
(positions 30, 37 and 38). In contrast to what was observed 
in soluble proteins, glycine does not seem to introduce sig-
nificant distortion in helical zones. The presence of glycine 

Fig. 3   Entropy and significance of positions in HP*. a The Kull-
back–Leibler asymmetric divergence measure (KLd) was calculated 
for each position. This measure quantifies the difference between 
the observed distribution of amino acids occurred at each position 
and the one occurred in the databank. The blacks arrows indicate the 
highest values (high significance): position 1 = 0.65, pos 18 = 0.67, 
pos 24 = 0.51, pos 31 = 0.50, pos 39 = 0.51 and pos 51 = 1.28. b 
The KLd value for each position was calculated in the same way as 
(a), but on PBs. The black arrow indicates the position 51 which has 
a very high value (2.53) in both analyses
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in helical regions is likely related to some pre-eminence 
of glycine in helix–helix interfaces in membrane proteins 
(Walters and DeGrado 2006). These last positions are also 
associated with an under-representation of hydrophobic 
residues I, V, F and L.

A simplified view of HP*

We then performed a hierarchical clustering of the 65 vec-
tors of HP* to better highlight similarities between HP* 
positions. We focus here on the results obtained with 8 
independent clusters that distinguish sequentially the 
groups along the HP* and emphasize the stacking learning 
of HPM (see Fig. 5a). Groups 1 (G1) and 8 (G8) are mostly 
related to loops between TM helices, groups 2 (G2) and 3 
(G3) to the N-termini of helices, while group 7 (G7) char-
acterizes the C-termini and make junctions between helical 
regions and connecting loops (see Fig.  5b). Interestingly, 
the two distinct helical regions (positions 5–13 and 22–49) 
are associated with group 6 (G6) but also to group 4 (G4) 

and group 5 (G5), which intercalate between two G6 for the 
longest helical stretch (position 22–49). This analysis dem-
onstrates the existence of sequence–structure specificity in 
helical motif(s) in membrane proteins, which was trapped 
by the HPM method. These distinctions are reflected in (1) 
the amino acids distributions (see Figs. 4b, S2) and (2) the 
location of the fragments with respect to the membrane 
(Figure S3). Indeed, an over-representation of charged and 
polar residues is found in groups G1, G7 and G8 in relation 
with fragments mostly found outside the membrane (see 
Figure S3). In contrast, G4, G5 and G6 fragments are asso-
ciated with helices embedded in the membrane, deeply for 
G4 and G6 and towards a slightly more interfacial location 
for G5 (see Figure S3). The differences between G6 and 
G4, G5 mainly originate from peculiar sequence proper-
ties, in particular over-representation of glycine, and small 
polar residues or charged residues (see Figs. 4b, S2), which 
impacts the geometry of the corresponding fragments (see 
Figure S4). However, note that subtle distinctions can be 
found depending on the positions along HP*. For example, 

Fig. 4   Distribution of PBs 
and AA for each position of 
HP* matrix. The over/under-
representation of PBs (a) and 
Amino Acids (b) was measured 
by the calculation of Z-score 
values. The over-representation 
is shown by the red colour, 
whereas the blue colour indi-
cates an under-representation. 
The blue lines correspond to the 
delimitations of helical zones 
(over-representation of PB m). 
The amino acids are ranked 
by hydrophobic properties (b). 
The Z-score values follow the 
χ2 law. Thus a Z-score value of 
1.96 corresponds to p = 0.05 
and a value of 4.4 corresponds 
to p = 0.01. The colour gradi-
ent is shown on the right side of 
the figure (colour figure online)
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G4 and G5 fragments in positions 4–5, located mainly out-
side the membrane, are significantly more distorted than 
G4, G5 fragments in positions 37–39 located inside the 
membrane (see Figures S4 and S5). Therefore, helical dis-
tortions depend on the membrane environment, the helices 
being more deformed at the extremities or in the periphery 
of the membrane (see positions 4–6, 12–14, 21–23, 48 in 
Figure S4) compared to helices inside the membrane (see 
positions 37–39). This result is related to the distribution 
of Z-scores PB and AA discussed above, about the role of 
glycine inside the transmembrane helices. Thus, this sim-
plified view offers a first insight of the structural organiza-
tion of membrane proteins, as an indicator of the localisa-
tion in the protein structure (helical ends, connecting loops, 
distorted helices) but also regarding the membrane location 
(inside, outside, periphery).

Comparison of amino acid relation in HPM 
with substitution matrices

As described above, HPM procedure enlightens membrane 
protein sequence specificities. In the present section, we 
examine the distances Di,k between HPM Z-scores of amino 
acid i and amino acid k (see “Materials and methods” sec-
tion). Although they were calculated from sequence and 
structure property classification, we chose to compare these 
distances Di,k with the amino acid substitution values used 
in classical substitution matrices (SM) and established from 
direct sequences comparison. Indeed, we hypothesized that 
the shorter the distance between amino acids, the more 
favoured the substitution between them.

The resulting 20  ×  20 matrix, named HP*-SM, was 
compared to different substitution matrices, specific of 

membrane proteins (TM-SMs) or not. We calculated Spear-
man correlation coefficients, which relate on ranking of 
pairings. Pearson  correlation coefficients showed simi-
lar tendencies but were smaller. We also included in the 
comparison the environment-specific substitution matrices 
developed by Hill et al., which considered different substi-
tution properties depending on the location of the amino 
acid relative to the membrane, its secondary structure and 
its degree of exposure to its environment, i.e. TH(A/a) 
specific of residues in contact with the tails of lipids (T) 
in a helical configuration (H) and Accessible (A) or not 
(a), IHA for Interfacial (I) helices (H) which are Accessi-
ble (A) and span the hydrophilic and hydrophobic parts of 
the membrane; and PHA for helices (H) lining a Pore (P) 
which is Accessible (A) (Hill et al. 2011).

As a main result, we observed that Spearman Correla-
tion Coefficient (SCC) values between the different TM-
SMs (PHAT 75/73, PHDhtm 80 and Persson–Argos 80) 
are quite large (~0.8 on average) as well with the Hill’s 
environment-specific matrices corresponding to the heli-
cal segments located in the most hydrophobic regions of 
the membrane, at the interface or within a pore region, i.e. 
TH*, IHA, PHA (see Table 1). In comparison, SCC values 
between TM-SMs (including TH*, IHA PHA) and BLO-
SUM 62 are significantly smaller, which fall from 0.8 to 
0.5. SCC between HP*-SM and TM-SMs are even lower, 
ranging from 0.32 to 0.47 while being slightly higher with 
BLOSUM 62 (0.53).

Considering the strong difference in the way the matri-
ces were established, this result is not unexpected. HP*-SM 
was constructed from a set of non-redundant sequences, 
contrary to what was done for establishing TM-SMs or 
BLOSUM matrix. This leads to a main difference in the 

Fig. 5   Clustering analysis of the HP* matrix. a A hierarchical clus-
tering analysis was performed on the vectors v of HP* matrix, and the 
result was clustered using complete method into 8 groups (on y-axis) 
defined as : group 1 (positions 1, 18 and 54–61); group 2 (pos 2, 19); 
group 3 (pos 3, 20); group 4 (pos 4, 12, 21, 24, 37–38); group 5 (5–6, 
13–14, 22–23, 25–26, 39 and 48); group 6 (7–11, 27–36 and 40–47); 
group 7 (pos 15–17 and 49–51); group 8 (pos 52–53 and 62–65). On 

x-axis, the positions p of HP* are shown and the blue lines delimit 
the helical zones. b Visualization of clustering groups on the chain 
L of photosynthetic reaction centre from Rhodopseudomonas viridis. 
Each fragment of the protein is coloured according to the correspond-
ing group colour in a. The labels refer to group number. The residues 
shown in Van der Waals spheres correspond to fragments clustered in 
positions 37, 38 and 39 of HP* (see also a)
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values of the diagonal that are all null in HP*-SM and dif-
ferent and non-null in other matrices. Clearly, when the 
local structures are accounted, the relations between amino 
acids differ from those trapped by evolutionary approaches.

An alternative view of the similarities and striking dif-
ferences between the matrices can be yielded by a hierar-
chical clustering of the matrices (see Fig. 6), which quanti-
fies the closeness or co-association of amino acids in the 
different TM-SMs, BLOSUM and HP*-SM.

The resulting dendrogram shows at the top of the hier-
archy two branches separating aromatic and hydrophobic 
residues (I, L, V, M, F, Y and W) from polar and charged 
residues (D, E, R, K, N, D, H and Q), with one excep-
tion, PHDhtm 80, where R and K are separated from other 
charged residues. Consequently at this level, we found 
similar associations as observed for “classical” SM. How-
ever, as progressing along the hierarchy, significant differ-
ences appear and the situation becomes more contrasted 
between the different matrices. Small residues S, A and T 
are grouped together but can be located into different sub-
branches, closer to charged residues in HP*-SM and BLO-
SUM in contrast to dedicated TM-SMs in which they are 
closer to hydrophobic residues. The location of C, P and G 
is more fluctuating. The reliability of the clustering is sig-
nificantly larger for dedicated TM-SM and BLOSUM com-
pared to HP*-SM, as assessed by the bootstrap p values 
and whatever the number of resampling cycles.

Considering frequencies of amino acids in transmem-
brane and non-transmembrane regions separately for HPM 
does not strongly modify the previous conclusions (data 
not shown). Only P and G behave differently between non-
transmembrane and transmembrane regions. Interestingly, 
the p values for HP*-SM are improved when the distribu-
tion of amino acids in transmembrane and non-transmem-
brane regions are considered separately.

The differences mainly occur because the 3D struc-
tures are taken into account. As a consequence, using HPM 
amino acid associations will help to preserve both the 
physico-chemical properties but also the local 3D struc-
tures. It will be useful for example to design new sequences 
respecting a given fold.

HPM‑substitution matrix (HPM‑SM) for TM sequence 
alignment

As HP*-SM was shown to be rather different from other 
substitution matrices, we chose to compare its performance 
to the most widely used substitution matrix, namely Blo-
sum62 matrix. We examined two different situations that 
consist in evaluating HPM-SM (see Table S4 in SI) in the 
case of (1) multiple sequence alignments (BaliBase data-
set or Bali) and (2) pairwise sequence alignments deduced 
from 3D structure superimposition (Homep2). This second 
dataset is supposed to be more appropriate for evaluating 
the HPM-SM performance insofar as HPM-SM was built 
from a combination of sequence and structural information.

The first step required determining the optimal couple of 
parameters for gaps (gapopen and gapextend). The optimi-
zation was performed independently with a fine grid search 
on the two datasets. For the evaluation of the quality of the 
alignments, different scores frequently used in similar stud-
ies were considered (see “Materials and methods” section). 
The results were significantly different according to the 
scores used. Hence, we chose to select the couple of param-
eters that were the least sensitive to the scoring scheme, 
while giving better results than Blosum62 in more than 
60 % of the cases, which is an arbitrary threshold. For the 
Bali dataset, the optimal parameters would be those that led 
to the greatest number of families (Bali NF) with HPM-SM 
scores larger than Blosum62 scores, 8 being the goal target.

Table 1   Spearman correlation on amino acid relationship, between HPM and standard substitution matrices

Values larger than 0.8 are in bold

Blosum62 THa THA IHA PHA PHAT75-73 Persson_argos_80 PHDhtm80 HPM

THa 0.49 1 0.79 0.69 0.81 0.89 0.85 0.87 0.37

THA 0.68 0.79 1 0.83 0.85 0.77 0.92 0.85 0.54

ICA 0.85 0.53 0.73 0.83 0.79 0.52 0.75 0.59 0.53

IEA 0.76 0.37 0.52 0.64 0.71 0.36 0.58 0.44 0.52

IHA 0.72 0.69 0.83 1 0.82 0.72 0.84 0.79 0.38

PCA 0.88 0.43 0.57 0.69 0.73 0.44 0.67 0.46 0.39

PEA 0.69 0.33 0.43 0.58 0.67 0.32 0.53 0.38 0.38

PHA 0.80 0.81 0.85 0.82 1 0.77 0.9 0.82 0.49

PHAT75-73 0.50 0.89 0.77 0.72 0.77 1 0.87 0.94 0.32

Persson_argos_80 0.73 0.85 0.92 0.84 0.9 0.87 1 0.92 0.47

PHDhtm80 0.56 0.87 0.85 0.79 0.82 0.94 0.92 1 0.4

HPM 0.53 0.37 0.54 0.38 0.49 0.32 0.47 0.4 1
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Homep2 dataset

For this dataset, we ended with a set of 9 couples of gapopen/
gapextend parameters that led to a better ranking of HPM-SM 
alignments in more than 60 % of the cases, i.e. 106 among 
177, whatever the type of scores considered. The results are 
detailed in Table 2. In most cases, the best alignments were 
obtained with gapopen values larger than 15 and with gapex-
tend smaller than to 3.1 (see an example in Figure S6 of SI).

BaliBase Ref7

The situation for this dataset was much more challeng-
ing. Indeed, the Bali reference multiple alignments of each 

membrane protein family include a large number of gaps. 
The scores Q, TC and Cline, mainly assume that the widths 
of the alignments are similar. The HPM-SM multiple align-
ments were in general less wide than those established with 
Blosum62, even when small gapopen values were consid-
ered. It is the reason why HPM-SM did not perform bet-
ter that Blosum62 with Q, TC and Cline scores in most 
cases. The only score which accounts for the size of the 
test alignment is Modeler. We report in Table 2 a subset of 
parameters with the corresponding number of families hav-
ing larger Modeler scores with HPM-SM compared to Blo-
sum62. The largest number of families was systematically 
obtained with a gapextend equals to 0.1, while the gapopen 
can cover a larger range.

Fig. 6   Comparison of residue relationship in HPM with substitution 
matrices. The dendrograms were built from the following matrices: 
BLOSUM 62 (Henikoff and Henikoff 1992), TM-SMs [PHAT 75/73 
(Ng et al. 2000), PHDhtm 80, (Ng et al. 2000), Persson-Argos 80 (Pers-
son and Argos 1994)] and amino acid Z-score matrix for HPM (see 
Table S3). For each matrix, a Euclidean Distance Matrix, based on pair 
of amino acid vectors, was computed. Then, these distance matrices 

were used to perform hierarchical clustering using complete method 
(clustering based on similarity), bootstrap analysis (1000 replications) 
for the estimate of uncertainty, p values (au) and building of dendro-
grams. Red boxes were drawn using pvrect with a threshold of 0.95, i.e. 
a red box is drawn when an edge has a p value greater than or equal to 
95 %. Finally, all these analyses were performed by using Pvclust pack-
age of R (Suzuki and Shimodaira 2006) (colour figure online)
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We tested these parameters on the Homep2 dataset in the 
aim to cross-validate our results (Table 2). With a gapopen 
larger than 16.0, the results for Bali can reach the gold tar-
get and comply with the threshold we chose for Modeler 
score in Homep2, i.e. >60  %. However, the other scores 

were below the threshold, mainly due to the gapextend 
value. Reciprocally, we calculated Bali NF with the optimal 
couples established with Homep2. In this case, the largest 
NF equals 4 and was obtained with gapopen equals to 16.5 
or 18.5.

Table 2   Gap values providing HPM-SM alignments with a better ranking than Blosum62, for the four scores

The gapopen and gapextend values recommended for HPM-SM are in bold
a  The numbers of pairwise alignments with a HPM-SM score better than the one of BLOSUM 62
b  The % of pairwise alignments with a HPM-SM score better than the one of BLOSUM 62, based on 177 alignments in total
c  NF Bali represents the number of Bali families with a HPM-SM score better than the one of BLOSUM 62, based on 8 families

Gapopen Gapextend Homep2 Qa Homep2 TCa Homep2 Clinea Homep2  
Modelera

Homep2 Qb Homep2 TCb Homep2 Clineb Homep2  
Modelerb

16.5 1.1 115 115 107 109 65.0 65.0 60.5 61.6

17 1.1 115 115 107 109 65.0 65.0 60.5 61.6

17.5 1.1 117 117 109 112 66.1 66.1 61.6 63.3

18 1.1 116 116 108 111 65.5 65.5 61.0 62.7

18.5 0.6 111 111 106 113 62.7 62.7 59.9 63.8

19 0.6 112 112 107 114 63.3 63.3 60.5 64.4

19 1.1 114 114 106 110 64.4 64.4 59.9 62.1

19.5 0.6 113 113 109 115 63.8 63.8 61.6 65.0

19.5 1.1 116 116 109 112 65.5 65.5 61.6 63.3

Gapopen Gapextend NF Balic Homep2 Modelera Homep2  
Modelerb

16.0 0.1 8 111 62.7

16.5 0.1 8 108 61

13.5 0.1 8 106 59.9

14.0 0.1 8 106 59.9

13.0 0.1 8 102 57.6

15.5 0.1 7 112 63.2

19.5 0.1 7 111 62.7

18.0 0.1 7 110 62.1

18.5 0.1 7 110 62.1

19.0 0.1 7 110 62.1

17.0 0.1 7 109 61.6

17.5 0.1 7 108 61.1

20.0 0.1 7 106 59.9

15.0 0.1 7 105 59.3

20.5 0.1 7 104 58.8

22.0 0.1 7 104 58.8

22.5 0.1 7 102 57.6

23.0 0.1 7 102 57.6

24.5 0.1 7 102 57.6

23.5 0.1 7 101 57.1

24.0 0.1 7 101 57.1

25.0 0.1 7 100 56.5

17.5 0.6 6 106 59.9

14.5 0.1 6 105 59.3

21.0 0.1 6 103 58.2

21.5 0.1 6 103 58.2
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Interestingly, HPM-SM outperforms Blosum62 for 6 
families among 8 with the couple of gapopen/gapextend 
equals to 17.5/0.6. For this couple of values, the percent-
age of pairs from the Homep2 dataset with a better rank-
ing with HPM-SM compared Blosum62, are 59, 59, 56 and 
60 % for Q, TC, Cline and Modeler scores, respectively.

These preliminary but encouraging results give substan-
tial support to the usefulness of HPM-SM in the membrane 
protein sequence comparison, in particular when searching 
for optimal pairwise alignment for homology modelling.

Discussion

Besides interesting features that were detailed above, use-
ful applications of HPM methodology are proposed and 
discussed in the following section. The first one relates on 
determining protein function from sequence and structure 
properties. Few tools are nowadays available (Zdobnov 
and Apweiler 2001; Watson et al. 2005; Gabdoulline et al. 
2003, 2006; Laskowski et al. 2005a, b) while the needs are 
tremendous. Most current methodologies consist in using 
information from similar (e.g. co-evolved) proteins, func-
tional sites or motifs in proteins, accurately annotated. In 
the present case, we examined whether HPM would enable 
to highlight some specific signature(s) that might be char-
acteristic of channels/transporters and would help in deci-
phering function of transport. In this aim, (1) we selected 
a subset of proteins that we identified as transporters or 
channels in the whole dataset (see  “Materials and meth-
ods” section). Each protein was divided in fragments of 5 
residue length; (2) each fragment was encoded according 
to the 31 properties. This target vector was compared to the 
65 vectors of HP* matrix; (3) the HP* position having the 
smallest distance with the target vector was representative 
of the given fragment. The distribution of fragments for 
the subset was then compared to the distribution of frag-
ments in the whole dataset, by calculating Z-scores in each 
position (see Fig. 7a). While positions 58–61 were under-
represented (Z-score values of −2.4, −2.4, −2.7 and −2.3, 
respectively), four positions (7, 8, 47 and 49) were signifi-
cantly over-represented (Z-score values >1.96), and might 
be considered as markers of the transport/channel function. 
However, this observation entails thorough analyses to be 
confirmed. Nevertheless, some hints were brought when we 
considered the HPM signature of each protein in the data-
set. We ran the steps 1–3 of the procedure described above, 
except that the analysis was performed on individual pro-
tein chains. For each protein chain, we compared the distri-
bution of fragments in each HP* position with the distribu-
tion of fragments in the whole dataset. The HPM signature 
of a protein is defined by the corresponding Z-score values 
in each position. The resulting vectors were then clustered 

using a hierarchical clustering using complete method and 
Euclidean distance as metric. The leaves of the dendrogram 
correspond to the pairing of proteins based on the distances 
between the Z-score profiles computed for each protein. By 
focusing on the leaves, we observe only two mispairings 
(1okcA:C-3cx5E:NC, 1xioA:NC-3giaA:C), among a total 
of 22 pairs. This value is rather low, considering the number 
of possible combinations (36 Non-Channels ×  23 C), i.e. 
828 maximum of possible mispairings. Thus, apart these 
two cases, we found channel proteins paired with channel 
proteins and non-channel proteins paired with non-channel 
proteins. Insofar as “Channel/Non channel” was not an 
input classification feature, the clustering shown here sug-
gests that the HP* profile might be helpful for annotating. 
Further investigations with a larger validation dataset are 
necessary to confirm these preliminary observations.

Hence, HPM enables to classify functional properties 
using local 3D information and physico-chemical proper-
ties. This preliminary but encouraging result opens the way 
to use HPM to annotate new structures and discover new 
functions, which could be tested further.

In a second application, we examined whether the 
sequence–structure relation highlighted in HPM is appro-
priate to evaluate the quality of 3D structures. As an exam-
ple, we first studied Msba protein, an ABC transporter, for 
which correct and incorrect structures are available (3B60 
and 1Z2R, respectively) (Matthews 2007; Reyes and Chang 
2005; Ward et al. 2007). Note that neither the correct struc-
ture nor the wrong one of MsbA was included in the dataset.

We calculated the Smin score (called HPM Score) of 
each fragment for each position of HPM (see Eq.  1) and 
compared to the scores along the sequence for the two 
structures (see Fig. 8a). The HPM score shows a significant 
difference in the region ranging from residues 45 to 75, 
reaching a maximum ~66 at residue 57. This difference is 
considerably larger than the maximal difference observed 
along a molecular dynamics simulation of a high-resolution 
X-ray structure (see Figure S7). This difference is due to 
the loop (47–69 residue) observed in the incorrect structure 
(1Z2R), which is replaced by the ends of two transmem-
brane helices connected by a short loop in the correct struc-
ture. Hence, in this region, the HPM sequence–structure 
relationship disfavours loop of 1Z2R. A visual inspection 
of the 3D structures shows that this zone strongly impacts 
the relative position of the two sub-regions and the final 
topology (see Fig. 8b). This explains why large RMSD was 
observed (~15.5 Å) between the two whole structures. We 
also tested two additional MsbA X-ray structures (PDB 
codes 3B60 and 4Q4A). The sequences share less than 
20  % of identity. The folds are similar but the 3D struc-
tures correspond to different conformational states and are 
difficult to superimpose (see Figure S8A). Nevertheless, 
the HPM profiles are similar as exemplified in Figure S8B, 
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although the sequences and the 3D significantly differ. 
Therefore, HPM profile was able to retrieve sequence and 
structure adequacy in both cases.

Consequently, HPM would have helped to identify the 
incorrect zone and to suggest how to correct it. In compari-
son, when we calculated DOPE score, a measure based on 
3D contacts compatibility and frequently used to assess 
model quality, we did not observe significant difference 
between the two structures in the corresponding zone (see 
Fig. 8a).

In the last example, we tested whether HPM score may 
be used to evaluate models or to design proteins. To do so, 
we generated five 3D models for the sequence of chain L of 
photosynthetic reaction centre from a thermophilic bacte-
rium, Thermochromatium tepidum (PDB code: 1EYS (Nogi 
et al. 2000)) using I-TASSER webserver (Zhang 2008). We 
excluded the correct structure and all the structures with 
a sequence identity upper than 10  %. After superimposi-
tion of five models with the reference X-ray structure, all 
the models exhibited a similar fold, see Fig. 9a. The main 
differences were located in the connecting loops, N- and 
C-termini (see Fig. 9a, b).

Then, we ranked these models using different scoring 
measures. Several scoring functions were benchmarked, 
and divided into two groups (see Table 3). The first group 
(noted P-G for predicted group) corresponds to scores that 
are used to predict the quality of models [I-Tasser Score 
(CS) (Zhang 2008), HPM Score and ProQM Score (Ray 
et al. 2010)]. These scores are valuable in real situations for 
which no experimental X-ray structures are available, i.e. 
for blind tests. The second group (noted E-G for evaluation 
group) includes classical measures of the quality of model. 
They are based on the comparison with a known reference 
3D structure [GDT_TS, GDT_HA, TM-align (Zhang and 
Skolnick 2005), TM Score (Zhang and Skolnick 2004), 
RMSD, Maxsub (Siew et al. 2000)] and are frequently used 
in CASP competition rounds to rank models. We examined 
local and global structural alignments as well.

Because scoring values are quite different as well as 
their ranges, we mainly discuss the rank of the models (see 
Table  3). As a first remark, the ranks of models are sig-
nificantly different as well within P-G, between P-G and 
E-G but also more surprisingly within E-G. For example, 
ProQM, specifically designed for the prediction of the 
quality of membrane protein models, gave model 5 in rank 
1, while it was ranked 3 or 4 with most of E-G tools. Simi-
larly, I-Tasser CS score considered model 1 as the best one, 
whereas it was frequently badly ranked by E-G measures. 

Fig. 7   Specificities of channels/transporters in the databank. a Z_
scores of channel/transporter fragments in each position of the HP* 
position. A sub-databank was built from channel/transporter proteins 
(labelled “Channel” in the dendrogram). Z-score values of the distri-
bution of sub-databank fragments were computed for each position 
of HP* matrix. The green positions correspond to an under-repre-
sentation of sub-databank fragments compared with the whole one, 
whereas the orange ones correspond to an over-estimation. The gradi-
ent colour is the same than Fig. 4. b Dendrogram of HPM signature 
of each protein. Each protein is characterized by a vector v of length 
65, containing the Z-score values of corresponding fragments along 
the HP* matrix. The resulting dendrogram is obtained by h-clust 
function (R package) with complete method and Euclidean distance. 
The label of leaves correspond to PDB codes for each protein and its 
chain (lower case letter). The labels NC correspond to non-channel/
transporter proteins, whereas channel labels merge channel and trans-
porter proteins (colour figure online)

◂
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HPM does not perform better: model 2 is ranked in first 
position whereas it is in the worst rank in E-G measures. 
This clearly illustrates that the identification of the correct 
model and the ranking models remain a difficult task.

These differences led us to examine in more details 
HPM scores along the sequence as described above (see 
Fig. 9b) and to propose a new strategy for ranking the mod-
els. We searched for the model with the largest number of 
minimal values, which is assumed to be the best one. Inter-
estingly, model 3 has by far the largest number of minimal 
values along the sequences (76 compared to 57 for mod-
els 2 and 4), even though the global HPM score, i.e. the 
sum of local HPM Scores, was not the lowest one. Finally, 
on average, models 3 and 4 are considered as the best ones 
by the E-G methods, in agreement with the largest number 
of HPM minimal values along the sequence. Hence, rather 
than the global HPM score alone, we suggest to use this 
measure to select the best model.

This preliminary study is rather encouraging considering 
that no optimisation was performed for the present goal, 
compared to strategies specifically designed for. Together 
with the MsbA study, it shows that local sequence–structure 
compatibility trapped by HPM strategy might be helpful in 
detecting 3D regions that would require further refinement 
and/or could complement other ranking methodologies. So, 
according to these results, a protein design, based on most 
favourable fragments amongst models, could improve the 
quality of a final structure. The local HPM Score is already 
informative to highlight some interesting regions. None-
theless, the total HPM Score could be further improved by 
normalization on the protein length or other parameters, 
like done in TM Score for example. Moreover, these results 
need to be confirmed by a larger study that will necessi-
tate the construction and evaluation of many models and 
decoys.

Fig. 8   Detection of incorrect topology by using HPM Score. a 
DOPE/HPM Scores along the sequence numbering, for two structures 
(1Z2R and 3B60). The orange regions correspond to the N-terminus 
(residues 10–26). The red regions along the blue curve correspond to 
the transmembrane regions determined by OPM (Lomize et al. 2006) 
for the protein 3B60. The grey zone and the black region of the green 

curve correspond to the residues 47–69 (incorrect loop in 1Z2R pro-
tein). b Cartoon representations of 3B60 on the left and 1Z2R on 
the right. The RMSD on Cα in the region 10–314, without taking into 
account the gap between 208 and 238 residues in superposition, is 
about 15.5 Å as large as for non-related protein

Fig. 9   HPM profile for ranking structural models. a Cartoon repre-
sentations of five models generated by I-TASSER (Zhang 2008) and 
aligned on the X-ray structure (PDB code: 1EYS (Nogi et al. 2000)). 
The colour code is the same than the one used on the right profile. 

b HPM Score profile for 5 structural models. The light grey regions 
correspond to transmembrane regions defined by OPM. The dark grey 
zones highlight the N- and C-termini of the protein
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Conclusion

Better understanding of membrane protein structures and 
improving their quality is an emerging challenge during 
these last years. Here, we propose to use an unsupervised 
learning approach, called HPM, which has been already 
shown its efficiency for analysing globular proteins. Apply-
ing to all-α transmembrane protein databank, HPM allowed 
studying their sequence–structure relationship by cluster-
ing close protein fragments together. Due to various func-
tions of membrane proteins and their environment, we sug-
gest that some patterns could be highlighted, and we show 
that HPM may be a promising tool able to separate chan-
nels and non-channels. As shown, it could also be used to 
perform specific sequence alignments. Finally, HPM is a 
learning approach based on the minimization of a scoring 
function; we show that this former could be used to evalu-
ate protein structures, i.e. quality of structures or ranking 
of models, at a local or global level. This last application 
offers a way to check and improve the structure quality of 
membrane proteins.
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