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Abstract. This paper aims to develop methods for protein structural
representation and to implement structural blocks retrieval into a macromolecule or even into the entire protein data-base (PDB). A ﬁrst problem
to deal with is that of representing structural blocks. A proposal is to
exploit the Extended Gaussian Image (EGI) which maps on the unitary sphere the histogram of the orientations of the object surface. In
fact, we propose to adopt a particular ’abstract’ data-structure named
Protein Gaussian Image (PGI) for representing the orientation of the
protein secondary structures (helices and sheets). The ’concrete’ data
structure is the same as for the EGI, however, in this case the points of
the Gaussian sphere surface do not contain the area of patches having
that orientation but features of the secondary structures (SSs) having
that direction. Among the features we may include the versus (e.g. +
origin versus surface or - vice versa), the length of the structure (number
of amino), biochemical properties, and even the sequence of the amino
(such as in a list). We consider this representation very eﬀective for a
preliminary screening when searching on the PDB. We propose to employ the PGI in a fold recognition problem in which the learning task is
performed by means an unsupervised method for structured data.

1

Introduction

There are currently 80,041 (at 13/3/2012) experimentally determined 3D structures of protein deposited in the Protein Data Bank (PDB) [1] (with an increment of about 700 new molecules for month). However this set contains a lot of
very similar (if not identical) structures. The importance of the study of structural building blocks, their comparison and their classiﬁcation, is instrumental
to the study on evolution and on functional annotation, and has brought about
many methods for their identiﬁcation and classiﬁcation in proteins of known
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structure. The procedures, often automatic or semi-automatic, for reliable assignment are essential for the generation of the databases (especially as the
number of protein structures is increasing continuously) and the reliability and
precision of the taxonomy is a very critical subject. This also because there is
no standard deﬁnition of what a structural motif, a domain, a family, a fold, a
sub-unit, a class, etc. really is, so that assignments have varied enormously, with
each researcher (other than for each DB) using a its own set of criteria.
There are several DBs for structural classiﬁcation of proteins; among them
the most commonly used are Structural Classiﬁcation Of Proteins (SCOP) [13]
and Class Architecture Topology and Homologous super families (CATH) [14].
The problem of structural representation of a macromolecule until now has been
pursued by ’ad hoc’ descriptors of patterns which are often point-based and cumbersome for the management and processing. Among these we can quote: spin
image [5], [6], context shape [7] and harmonic shape [8]. For our purposes we
intend to propose a new approach based on an appropriate extended Gaussian
image (EGI) [9] which represents the histogram of the surface orientations. The
EGI, introduced, for applications of photometry, by B.K.P. Horn [9], has been
extended by K. Ikeuci [10] [11] [12] (the Complex-EGI). Despite the many variants of the Gaussian Image, to our knowledge, this type of representation has
never been applied to proteins; we intend to present a new version, suitable for
this context and to employ it in a structural recognition task [4]. In particular,
the PGI will be used in a fold recognition problem in which the learning task is
performed by SOM–SD, a self organizing map for structured data.
The remainder of the paper is as follows. In Section 2 the Protein Gaussian
Image is explained. In Section 3 a brief overview of the SOM–SD method is
given. Section 4 shows preliminary experimental results and Section 5 concludes
the paper.

2

The Protein Gaussian Image

There are several methods for deﬁning protein secondary structure, but the
Dictionary of Protein Secondary Structure (DSSP) [2] approach is the most
commonly used. The DSSP deﬁnes eight types of secondary structures, nevertheless, the majority of secondary prediction methods simplify further to the
three dominant states: Helix, Sheet and Coil. Namely, the helices include 3/10
helix, α–helix and π–helix; sheets or strands include extended strand (in parallel
and/or anti-parallel β–sheet conformation); ﬁnally, coils which can be considered
just connections. In the sequel, the structural analysis for protein recognition and
comparison, is conducted only on the basis of the two most frequent components
[3]: the α–helices and the β–strands. DSSP and STRIDE both extract from the
PDB segments 3D locations and attitudes, positions in the sequence of SSs and in
particular also strands (constituting sheets), and many other information easily
integrated in the new data structure.
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PGI is a representation in the Gaussian image in which each SS is mapped
with a unit vector from the origin of the sphere having the orientation of the SS.
Each point of the sphere surface contains the data orientation (length, location
of starting and ending residue, etc) of the existing protein SSs having the corresponding orientation. The chain sequence of SS is recorded as a list which is
mapped on the sphere surface.
The proposed data structure is complete (no information is lost for an analytic analysis) and eﬀective from the computational viewpoints (only two reference coordinates are needed), but also, as for needle maps for general object representation, supports eﬀectively the structural perception. In order to
validate the eﬀectiveness of the PGI representation of the protein structure,
we propose to employ an unsupervised framework for structured data in a
pratical structural learning problem, where each protein is represented by a
PGI.
Before showing the results, we give two practical examples of how proteins
are represented employing the PGI data–structure. Two couples of motif-protein
molecules are shown: 1FNB and 4GCR. For the former couple Figure 1(a) represents the molecule, Figure 1(b) shows the PGI (in green the Greek key motif
is highligthed) while Figure 1(c) shows the PGI of the motif with the linked
sequence of SSs. In Figures 2(a)-2(c) the analogous representation for the latter
couple are shown.

(a)

(b)

(c)

Fig. 1. 1(a) A picture generated by PyMOL on PDB ﬁle 1FNB rotated π/2 for format
reasons. In green the Greek key motif (residues 56-116). 1(b) Protein Gaussian Image
of protein 1FNB. Green arrows represent the Greek key motif. 1(c) Protein Gaussian
Image of Greek motif contained in protein 1FNB. Green arrows represent the Greek
key motif, while the green line shows the sequence of SS.
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(a)

(b)

(c)

Fig. 2. 2(a) A picture generated by PyMOL on PDB ﬁle 4GCR rotated π/2 for format
reasons. In green the Greek key motif (residues 34-62). 2(b) Protein Gaussian Image
of protein 4GCR. Green arrows represent the Greek key motif. 2(c) Protein Gaussian
Image of Greek motif contained in protein 4GCR. Green arrows represent the Greek
key motif, while the green line shows the sequence of SS.

3

Learning Structured Data

In the recent years, complex data structures have been employed to obtain a
better representation of data and possibly a better solution for a given problem.
Many methods are based on a preprocessing step that ﬁrst maps the strucutred
data to a vector of reals which then can be processed in the usual manner.
However, important information, like topological relationship between nodes,
may be lost during the preprocessing phase, so that the ﬁnal result strongly
depends on the adopted algorithm. Neural methods are an example of techniques
that evolved to handle structured data where the original connectionist models
have been modiﬁed to process diﬀerent data structures.
In order to prove the eﬀeciveness of the PGI, we propose to perform a learning task by employing the SOM–SD framework [15], an unsupervised method for
structured data. Throughout this section we will use the same notation as in [15].
3.1

SOM Framework for Structured Data

The SOM–SD framework can be deﬁned by using a computational framework
similar to that deﬁned for recursive neural networks (RNN) [16]. The class of
functions which can be realized by a RNN can be characterized as the class of
functional DAG (Directed Acyclic Graph) transductions τ : I # → Rk , which
can be represented in the following form τ = g ◦ τ̂ , where τ̂ : I # → Rn is
the encoding function and g : Rn → Rk is the output function. τ̂ is deﬁned
recursively as:
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⎧
n
⎪
⎨ 0(the null vector in R ),
τ̂ (D) =

⎪
⎩ τ (y , τ̂ (D(1) , . . . , D(c) )),
s
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if D = void graph
(1)
otherwise

where D is a DAG, ys is the label of the supersource of D and τ is deﬁned as:
τ : Rm × Rn × . . . × Rn → Rn



(2)

c times

A typical form for τ is:
c

τ (uv , x(1) , . . . , x(c) ) = F(Wuv +

Wj xj + θ)

(3)

j=1

where Fi (v) = sgd(vi ) (sigmoidal function), uv ∈ Rm is a label, θ ∈ Rn is the
bias vector, W ∈ Rm×n is the weight matrix associated with the label space,
x(j) ∈ Rm are the vectorial codes obtained by the application of the encoding
function τ̂ to the subgraphs D(j) (i.e., x(j) = τ̂ (D(j) )), and Wj ∈ Rm×m is the
weight matrix associated with the j–th subgraph space. The output function g
is generally realized by a feedforward neural network (NN).
The key consideration to adapt this framework to the unsupervised SOM
approach [17], is that the function τ maps information about a node and its
children from a higher dimensional space (i.e., m + c · n) to a lower space (i.e.,
n). The aim of the SOM learning algorithm is to learn a feature map
M:I→A

(4)

which, given a vector in the input space I returns a point in the output space A.
This is obtained in the SOM by associating each point in A to a diﬀerent neuron.
Given an input vector v, the SOM returns the coordinates within A of the neuron
with the closest weight vector. Thus, the set of neurons induces a partition of the
input space I. In typical applications I ≡ Rm , where m  2, and A is given by
a two dimensional lattice of neurons. In this way, input vectors which are close
to each other will activate neighbor neurons in the lattice. SOM–SD represents
an extension of the SOM framework, where the τ function is implemented in an
unsupervised learning framework, in order to generalize 4 to deal with the case
(c)
I ≡ Y # , i.e., the input space is a structured domain with labels in Y. The
function
M# : Y #

(c)

→A

is realized by deﬁning 1 as shown in 6
⎧
⎪
⎨ nil A ,
M# (D) =
⎪
⎩M
#
(1)
), . . . , M# (D(c) )),
node (ys , M (D

(5)

if D = void graph
otherwise
(6)
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where s = source(D), D(1) , . . . , D(c) are the subgraphs pointed by the outgoing
edges leaving from s, nilA is a special coordinate vector into the discrete output
space A, and
Mnode : Y × A × . . . × A → A



(7)

c times

is a SOM, deﬁned on a generic node, which takes as input the label of the
node and the “encoding” of the subgraphs D(1) , . . . , D(c) according to the M#
map. By “unfolding” the recursive deﬁnition in 6, it turns out that M# (D) can
be computed by starting to apply Mnode to leaf nodes (i.e., nodes with null
outdegree), and proceeding with the application of Mnode bottom-up from the
frontier nodes (sink nodes) to the supersource of the graph D.
Details about the learning algorithm can be found in [15].

4

Experimental Results

This section shows preliminary results obtained by SOM–SD using as input a
set of proteins represented as PGI. In particular, for each secondary structure,
only its direction is considered. The dataset is composed of 45 proteins classiﬁed
by SCOP as belonging to the class “Alpha and beta proteins (a/b)”. Three folds
have been considered, namely “Flavodoxin–like” “RibonucleaseH-likemotif” and
“TIMbeta/alpha-barrel”, and for each fold 15 proteins have been chosen. The
task consists in grouping proteins or side chains belonging to the same fold.
The network performances will be reported in terms of clustering performance, classification performance, and retrieval performance. The clustering performance is a measure on how well clusters are formed. This measure does not
take into account the desired clustering, not considering the target labels. The
classiﬁcation performance is a measure on how well the clustering corresponds
to the desired clustering by comparing the target values of vertices mapped to
the same location. The retrieval performance is a measure of conﬁdence of the
clustering result, so that if there are many vertices with diﬀerent targets mapped
to the same location, the conﬁdence in the clustering is low, hence producing
a low retrieval performance. The SOM–SD was trained on 200 × 200 neurons
with a neighborhood spread of σ = 60, considering diﬀerent learning rate η = [1
1.25 1.5] and diﬀerents iterations λ = [40 60 80]. For each test the average
performance over 50 runs is reported. The dataset for each test was composed
by randomly picking the 70% of the patterns for the training phase and the
remaining 30% for the testing phase.
The ﬁrst test has been conducted considering the whole protein as pattern,
i.e., each protein is represented by a PGI. It can be observerd in Table 1 that
the results are quite good in term of clustering performance. Even though this
measure does not take into account the desired clustering outcome, the result is
supported by the good retrieval performance which reﬂects a reduced confusion
in the mappings of each pattern. The classiﬁcation performance, reﬂecting the
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Table 1. Performance of a 200 × 200 SOM–SD considering the whole proteins

Learning Rate
Iterations
Retrieval
Classiﬁcation
Clustering

40
84,99
72,65
0,79

1
60
84,08
56,95
0,85

80
84,86
56,91
0,83

Test Set
1.25
40
60
80
86,46 87,69 79,79
59,39 70,65 60,73
0,82 0,81 0,85

40
79,29
65,91
0,83

1.5
60
82,31
64,30
0,79

80
79,82
74,82
0,80

performance with respect to the desired clustering outcome, shows less accurate
results, but with an interesting peak at 74, 82%
The second test has been performed considering as patterns the single side
chains of each protein, i.e., each side chain is represented by a PGI. From Table
2 it can be noted how this “reduced” representation yields better results in term
of classiﬁcation and retrieval performance while performing slightly worst with
respect to clustering performance. In particular, the clustering performance is
almost the same but with a higher conﬁdence reﬂected by the higher retrieval
performance. The interesting result concerns the classiﬁcation performance that
is much higher considering only the side chain.
Table 2. Performance of a 200 × 200 SOM–SD considering the single side chains of
each protein

Learning Rate
Iterations
Retrieval
Classiﬁcation
Clustering

5

40
74,39
75,58
0,8

1
60
81,67
76,37
0,80

80
79,63
77,64
0,80

Test Set
1.25
40
60
80
92,72 92,35 93,40
85,11 84,14 84,17
0,79 0,80 0,79

40
92,36
85,03
0,79

1.5
60
92,34
85,78
0,80

80
93,85
86,42
0,79

Conclusion

A new data structure has been introduced that supports both artiﬁcial and
human analysis of protein structure. Preliminary tests have been performed
by employing the PGI in a structural learning task obtaining very good and
promising results. We are now planning an intensive quantitative analysis of the
eﬀectiveness of this new representation approach for practical problems such as
alignment or even of structural block retrieval at diﬀerent level of complexity:
from basic motifs composed of a few SSs, to domains, up to units. Moreover, in
future works we will try to exploit other feature beside the orientation, like the
length of the structure in terms of number of amino, biochemical properties, the
sequence of the amino, etc.
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