Theor Chem Acc (1999) 101:77-81
DOI 10.1007/s002149800m83

Regular article

Theoretical
Chemistry Accounts
© Springer-Verlag 1999

Sequence classification of water channels and related proteins

in view of functional predictions*

B. Tallur', J. Nicolas', A. Frogerz, D. Thomas®, C. Delamarche’

I'IRISA, Campus Universitaire de Beaulieu, Avenue de Général Leclerc, F-35042 Rennes Cedex, France
2 CNRS UPRES-A 6026, Campus Universitaire de Beaulieu, Avenue de Général Leclerc, F-35042 Rennes Cedex, France

Received: 24 April 1998 / Accepted: 4 August 1998 / Published online: 2 November 1998

Abstract. We have worked with a classification method
based upon a notion of probabilistic similarity or “like-
lihood of similarity” between aligned sequences. One
important parameter, among others, affecting the se-
quence similarities and hence the classification results is
the amino acid similarity matrix. We present a method for
choosing the most adapted matrix to classify protein
sequences. This method has been applied to the trans-
membrane channels of the major intrinsic protein (MIP)
family. At present, two functional subgroups have been
well characterized in this family: (1) specific water
transport by the aquaporins and (2) small neutral solutes
transport. The aim of the present study is to show the
usefulness of the classification method in the prediction of
sequence segments important for substrate selectivity.
Moreover, we show that this method can also be used to
predict the function of undetermined MIP proteins. The
method could be applied to other protein families as well.
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1 Introduction

The major intrinsic protein (MIP) family is an old family
of transmembrane channels, including more than 150
members determined from bacteria, yeasts, plants, and
animals [6, 14]. Less than 40 of these proteins have been
functionally characterized to-date, exhibiting two major
types of channel properties: specific water transport by
the aquaporins (AQP) and small solute transport, such as
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glycerol by the glycerol facilitators (GLPF). The existence
of aquaporins was suspected for a long time, but cloning
and characterization of the first water channel is recent
[16]. Aquaporins are characterized from bacteria to
animals. At present, eight mammalian aquaporins have
been identified (AQP1 through AQPS). All aquaporins
are water specific, except for AQP3 and AQP7 which
transport water and present a low permeability for small
solutes such as glycerol and urea. Sequence alignments
revealed that the GLPF and the aquaporins are related
proteins. The GLPF channels exclude water but act as a
selective pore for some uncharged molecules [7]. Actually,
glycerol facilitators have been cloned from different
bacteria and from yeasts. Aquaporins and glycerol
facilitators are classified in the MIP family (PROSITE
database, PS00221) with reference to its archetype
MIP26, the major intrinsic protein expressed in lens fiber
cells [5]. Members of the MIP family are about 260
residues long, and exhibit six transmembrane domains
(Fig. 1) [6]. Highly conserved motifs, distributed through-
out the sequence, constitute a signature of the MIP
family, but are independent of functional properties.
Extensive molecular studies on AQP1 led to a topological
model [9], but these studies are both insufficient to locate
precisely the aqueous pore and to point out residues
implicated in the selectivity for water or glycerol. In order
to discover amino acids which should be responsible for
the functional properties of a protein, molecular biolo-
gists commonly use site-directed mutagenesis experi-
ments. However, computational predictions are of
particular relevance to avoid random targeting, which
can be both laborious and expensive. Multiple sequence
comparisons are classical tools for this purpose, and the
information content of a multiple alignment can be
extracted by different methods [1, 6, 12, 13]. Methods of
sequence classification based on probabilistic similarities
between sequences have been proposed and tested on
several sets of multiple aligned, as well as unaligned,
sequences [11, 19], and it was clearly established that one
of the major parameters affecting the classification results
is the amino acid similarity matrix used in the evaluation
of similarities between sequence pairs. The biologists have
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Fig. 1. Predicted membrane topology of a monomer of the MIP
family protein, showing the six transmembrane domains with five
connecting loops. The predicted ancestral tandem duplication event
is indicated with dotted boxes [16]. The location of highly conserved
residues is shown

a very large choice of similarity matrices such as PAM250
[3], BLOSUMBG2 [8], Risler’s matrix [17], and many others
based on different molecular properties. This paper
proposes an efficient method for choosing the most
adapted similarity matrix to classify protein sequences. It
has been illustrated with an application to the MIP
family.

2 Methodology

2.1 Selection of protein sequences

A set of 38 MIP protein sequences was extracted from GENBANK
and PROSITE databases. As mammalian and plant aquaporins are
over-represented in databases and could influence the results of
sequence alignments, we selected only a few members of these two
groups of organisms, rather than retrieving all members of the MIP
family. The MIP sequences were classified into two functional
subgroups: specificity for water transport (AQP subgroup) or sol-
ute transport (GLPF subgroup, including glycerol transport and
mixed channels). AQP subgroup: M84344, P30302, P43285, and
U39485 (A. thaliana), X97159 (C. viridis) U38664 (E. coli),
Q39957 and X95952 (H. annuus), U51638 (H. irritans), D31846,
D63412, M77829, P55064, Q13520, and U34846 (H. sapiens),
L36095, Q40260, and Q40266 (M. crystallinum), 124754
(R. esculenta), DI13906, U14007, U16245, and X70257
(R. norvegicus). GLPF subgroup: P18156 (B. subtilis), M55990
(E. coli), P44826 (H. influenzae), AB006190 and D25280
(H. sapiens), M58315 (L. lactis), U49666 (P. aeruginosa), L35108
and P56403 (R. norvegicus), P23900 (S. cerevisae), P37451
(S. thyphimurium), P31140 (S. flexneri), U12567 (S. pneumoniae),
Q21473 and Q21159 (C. elegans).

2.2 Sequence alignment

The PILEUP program (version 8) of the GCG package [4] was used
to align 32 among the 38 MIP protein sequences (19 AQP and 13
GLPF). This generated a final alignment with 422 positions when
excluding the long N- and C-terminal unusual segments of the yeast
aquaporin P23900. In a second step, we used the TMAP program
which efficiently predicts transmembrane segments from protein
sequence alignments [15]. From these alignments we extracted the
predicted blocks (LOOPA through LOOPE and TMI1 through
TM6 shown in Fig. 1), but excluded the NH,; and COOH termini
blocks which contained a large number of gaps introduced during
the alignment procedure. Each block line corresponds to one se-
quence and is composed of a string of letters belonging to an al-
phabet of 20 letters (representing amino acids), augmented with the
gap symbol “—”. Thus, the alphabet considered in this study is
¥ = {ACDEFGHIKLMNPQRSTVWY —}.

2.3 Sequence classification

Though there are a large number of sequence classification meth-
ods available for the biologists, we have worked with the hierar-
chical classification based on the link likelihood analysis (LLA)
developed by Lerman [10]. One of the main reasons for this choice
is that we have devised (in our previous work) efficient measures of
similarity between protein sequences that are suitable for the LLA
methodology, and found it efficient in various applications. The
important features that distinguish the LLA method from the rest
are: (1) the probabilistic nature of the similarity index over the set
of objects to be classified (e.g. set of sequences); (2) the aggregation
criterion — for building the hierarchical tree by joining the most
similar classes at each level — that takes into account the specific
nature of the similarity index. A brief description of LLA is
attempted in the following subsections.

2.3.1 Significant windows approach

The “significant windows” approach is used for computing the
similarities between sequences. This approach makes use of the
matrix of similarities between amino acids and the final results are
highly dependent on the matrix chosen. Very frequently, biologists
run one of the numerous multiple alignment programs on their
sequences in order to detect the highly preserved sites and the re-
sults produced vary from one algorithm to another. The methods
which make use of the similarity between sequences based on the
site-wise comparison of letters are clearly sensitive to the possible
alignment errors. The significant windows approach — described in
[11] for the aligned set of sequences and in [19] for the unaligned
sequences — tends to be less affected by such errors. Another im-
portant objective of this approach is to select only the relevant or
“significant” information concerning the problem. The overall
similarity between a given sequence pair is computed from the set
of similarities between the significant windows. (See Refs. [11] and
[19] for the method of selecting the set of “significant” windows.)

2.3.2 Window similarity for a sequence pair

A window of size / of a sequence is a sub-sequence containing /
letters. The ith window of size / starts at position i and terminates
at position (i +/—1). Let us suppose that the common length of
the (aligned) sequences is L; by sliding the /-size window along the
sequences, one gets (L — / 4+ 1) windows. Let a/ denote the letter at
position i in sequence j. To fix the ideas, let us consider the set @ of
all sequences. Consider the following sequence pair (0;,0;):
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Let ; and W; denote respectively the ith windows of o; and o;,.
The ith window similarity S}j, for the comparison of the sequence
pair (0}, 0,) is the sum of the standardized scores of the matrix D* —
obtained by standardizing one of those amino acid similarity
matrices with respect to its mean and standard deviation —
corresponding to the [ letter pairs of the window:

i+1-1
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Thus, obviously, the similarity of any sequence pair completely
depends on the particular matrix chosen. Let us denote the overall
similarity of the sequence pair (0;,0;) by S(o0j,0,). They are finally
standardized with respect to the empirical distribution over the set
of all sequence pairs 2, (), and the standardized similarity index is
denoted by Qs(0;,0).

2.3.3 Aggregation criterion used in LLA method

The basic data required by the LLA method of hierarchical clas-
sification is the matrix of probabilistic similarities between the
sequence pairs, given by the equation



P(Oj';oj/) = q)[Qs(Oijj’)]7

where @ denotes the standard normal distribution function and O
is the standardized similarity of the sequence pair (described in the
previous paragraph). The algorithm builds a classification tree it-
eratively, by joining at each step the two (or more in case of ties)
most similar sequences or classes of sequences until all clusters are
merged together. The aggregation criterion that is maximized at
each step or “level” of the algorithm is expressed as a similarity
measure between clusters. Suppose that C and D are two arbitrary
disjoint subsets (or clusters) of ¢ comprising respectively r and s
elements. Then a family of aggregation criteria of the ““maximal
link likelihood” is defined by the following measure of similarity
between C and D:

LL,(C,D) = [max{P(c,d) : (c,d) € C x D}]"" 0<y<1 3)

for (0;,0;) € 2,(0) (2)

In case of our data sets, y = 0.5 was found to yield the best results.

2.4 Similarity matrix selection

The underlying principle of our method for selecting the most
relevant amino acid similarity matrix among all is simple: it is based
on an indicator of the quality of a given partition — obtained for
instance at a particular level of a hierarchical classification method
— of the set @ of sequences under study, expressed as a function of
the similarity measure over 2,((). The LLA method provides us
with one such indicator called ““global index” associated with each
level of the hierarchical classification tree.

2.4.1 Indicator of the quality of a partition.

Let us consider the partition of ¢ into k classes:
n:{Cl,Cz,...,Ck} . (4)

Let w,, denote the pre-ordering over the set of sequence pairs in-
duced by the similarities between sequences resulting from a given
amino-acid similarity matrix m. The pre-ordering w,, is mathe-
matically represented by its graph Gr(w,,) where

Gr(w,) ={(p,q) : p=<q, p € 22(0), g € 22(0)} (%)

and p < ¢ means sequence pair p precedes g for the order relation
induced by the similarity measure (i.e. the similarity of the pair p is
greater than that of the pair ¢). Similarly, the partition = is repre-
sented by the following two sets:

V ={(0i,0;) :0;,€C; and 0; € C;, [ =1,...,k} (6)

is the set of all sequence pairs both elements of which belong to the
same class and

W ={(01,0;) : 0; € C; and s; € Cy,, | # m} (7)

the set of sequence pairs whose elements lie in distinct classes.

The “global index’” associated with the partition is expressed as
a similarity index between the preordering ,,, on the one hand,
and the partition « represented by the sets ' and W, on the other.
The raw index of similarity between w and = is defined as

Sor = Card(Gr(w) N (V x W)) (8)

where Card is the cardinal and x denotes the Cartesian product.
The final index (or the global index) globstat,, , is obtained by
standardizing the above raw index with respect to its mean and
standard deviation.

2.4.2 Matrix selection method.

Let us consider a special case where the set ¢ is partitioned into
two classes Uagp and Ogpr comprising respectively the known AQP
and GLPF protein sequences, i.e. © = {Ouqp, Ogipr}. Suppose . is
the set of amino acid similarity matrices to choose from and =« is
the partition of sequence set into two classes containing respec-
tively the sequences whose function is determined as AQP and
GLPF sequences. The idea is to pick that matrix m € .# which
induces over the set #,(0) the preorder that is most consistent
with the partition of ¢ into two known classes of sequences.
Therefore we consider as the best matrix for the prediction of MIP
protein function the one that maximizes — over the set of possible
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matrices m — the global statistic globstat,, , comparing ,, with the
partition of 7.

3 Results

Aquaporins and glycerol facilitators belong to the same
old family of channel proteins, but at present it is
impossible to understand why some highly similar
protein sequences have so dissimilar functional proper-
ties. Recently, we reported a sequence comparison study
of the MIP family proteins based on similarity profile
analysis and multivariate statistical analysis [6]. Five key
residues were predicted to play a role in the structural/
functional properties of the MIP proteins, but, while
these residues are important, we do not know whether
they are sufficient to explain the drastic functional
differences between the aquaporins and the glycerol
facilitators. Transmembrane segments and loops repre-
sent important and distinct parts in transmembrane
proteins. Therefore, we selected these regions to high-
light segments which contribute most to functional
differences in the MIP family. The predictive method
described in the previous section was applied to each
segment: LOOPA through LOOPE and TM1 through
TM6. Three similarity matrices were compared, namely,
Dayhoff’'s PAM250 matrix, BLOSUMG62, and Risler’s
matrix. For the LOOPC region, Risler’s matrix was most
appropriate (i.e. produced the highest globstat,, ). The
use of the jackknife procedure showed this result to be
stable.

The hierarchical classification of LOOPC segments
was then performed using the most appropriate simi-
larity matrix chosen as above. The alignment of 32
proteins with a known function was used in the first
phase. Our assumption is that segments which give a
perfect partition into two classes corresponding to AQP
and GLPF proteins are likely to be important for the
substrate selectivity of these proteins. Such a partition
was obtained for LOOPC and is presented as an example
in this study (Fig. 2a). A close inspection of each branch
of the hierarchical classification tree should highlight
subtle evolutionary events and functional variations
linked to the segment. In that sense, our method is
similar to the evolutionary trace method described by
Lichtarge et al. [12]. For example, a subclass of GLPF
sequences P18156, U12567, and M58315 was found in
all classification trees produced by using any of the
similarity matrices. However, as suggested by a recent
study, these sequences are reported as belonging to two
distinct evolutive sub-families [14]. According to our
analysis the grouping of these proteins may be explained
by the fact that they exhibit very close functional
properties: our GLPF subgroup includes channels for
glycerol transport and also those for the transport of
other small solutes such as propanediol or antimonite [2,
18]. This result is in accordance with our previous results
obtained with another method, suggesting that LOOPC
should be implicated in solute transport properties [6].

In the second phase, the classification method using
Risler’s matrix was applied to the set of 38 sequences
comprising the 32 previous sequences to which were
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Fig. 2. Classification trees of
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(a) Classification of 32 LOOPC

segments

added 6 test sequences with a known function (4 AQP
and 2 GLPF). The classification tree (Fig. 2b) has 37
levels and each of the two classes of the partition pro-
duced at level 36 may be distinctly identified to one
functional group. Moreover, the 6 test sequences are
correctly classified. The quality of the prediction was
evaluated by the jackknife technique. The repeated tri-
als, in which one sequence was removed at a time from
the set, yielded a 100% correct prediction for the 6 test
sequences.

At present, the MIP family includes more than 150
sequences but only a few of them have been biochemi-
cally characterized and there is no simple and straight-
forward method to study solute transport through
specific channels. Consequently, our classification
method could be helpful to predict the functional
properties of the proteins which are not yet experimen-
tally determined. One may reasonably suppose that an
“undetermined’ protein found in one branch of the tree
has functional relations with that branch.

4 Conclusion

A hierarchical classification method based on significant
windows approach has been successfully applied to the
two functional classes of the MIP family. More gener-
ally, the method can be applied to predict any number of
classes and it proves to be a precious data mining tool

(b) Classification of 38 LOOPC seg-

ments

for biologists since it can be applied for tuning
automatically other parameters such as window size
and significance level that also affect the classification.
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