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Abstract

In this paper, we study the performance of the fea-
ture extraction method we developed for complex ob-
ject databases, called Complex Object Feature Ex-
traction (COFE), with respect to protein datasets,
using distance measures based on structural simi-
larity between proteins. We first perform an assess-
ment of the accuracy of six automatic protein com-
parison methods against the manually constructed
classification of proteins, called SCOP. We then
compare the quality of the feature spaces result-
ing from applying our developed feature extraction
method against those obtained when a previously
proposed method is used. The results on the con-
sidered dataset for five different structure-based dis-
tance spaces show that COFE provides significantly
higher quality embeddings for four of them. We
conclude that COFE proves to be a practical method
for extracting high quality features from protein
databases.

1 Introduction

Despite the larger amount of information and faster
accessibility to protein sequence databases, protein
sequences do not capture sufficient enough informa-
tion to accurately identify biological relationships
between proteins. Research has shown [1] that,
for more distantly related proteins, the sequences
may have diverged to such an extent that struc-
tural comparison is needed in order to detect bio-
logical significant protein relationships. It is there-
fore important to extend similarity retrieval sys-
tems in protein databases to use comparison meth-
ods at the structural level. In recent years, a large
number of automatic structural comparison meth-
ods have been proposed [15, 20, 8, 19, 3, 5, 6, 22, 14],
each providing one or more measures of similarity
or dissimilarity between proteins.
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In this paper, we are interested in studying
the performance of the feature extraction method
we developed for complex object databases, called
Complex Object Feature Extraction (COFE) [9],
with respect to protein datasets using distance mea-
sures based on structural similarity between pro-
teins. We compare the quality of the resulting fea-
ture spaces against those obtained when a previ-
ously proposed feature extraction method, called
FastMap [4], is applied. In the process of per-
forming this study, we also evaluate five structural
comparison methods. These structural comparison
methods were selected from among the most used
and referred to methods in the structural bioin-
formatics literature for which we could obtain the
code. The evaluation method relies on the Clus-
ter Preservation Ratio (CPR) [10] measure and the
Structural Classification of Proteins (SCOP) [16],
which was constructed manually by biologists on
the basis of structural and evolutionary relation-
ships between proteins.

2 Structure vs. Sequence

In a recent study [12], Levitt and Gerstein showed
that statistics for sequence and structure compar-
ison on pairs of proteins known to be related dis-
tantly indicate that structural comparison is able
to detect almost twice as many distant relation-
ships as sequence comparison. The same study also
found that there are very few pairs with signifi-
cant similarity in terms of sequence but not struc-
ture, whereas many pairs have significant similar-
ity in terms of structure but not sequence. The
higher sensitivity of protein similarity at the struc-
tural level, together with the increasing amount of
information known about protein structures, have
necessitated the development of robust automatic
structural comparison methods.



3 Protein Structural
Comparison Methods

Numerous methods have been proposed which com-
pare proteins at the structural level and mea-
sure the degree of structural similarity between
them [22]. They attempt to optimize a global align-
ment of the structures with respect to some sim-
ilarity measure. However, there is no consensus
in the structural bioinformatics community as to
which approach or, for that matter, which measure
of protein similarity is best. These methods cover
a large spectrum of techniques for comparing pro-
teins at the structural level. Some use an initial
sequence superimposition to guide the structural
alignment [15, 20]. Other approaches are based on
comparing either scalar [8, 11] or vector [19] dis-
tance plots. Another method minimizes the soap-
bubble surface area between protein backbones, like
MINAREA [3]. Another proposed technique ap-
plies dynamic programming to pairwise distances
between proteins [5]. Several other methods pro-
pose refining superimpositions of secondary struc-
ture elements (SSE’s), like TOP [14], LOCK [22]
and others [6]. The CE method [21] builds an
alignment between two protein structures through
a combinatorial extension of an alignment path de-
fined by aligned fragment pairs. The THREECA
method [24] relies on Geometric Hashing to com-
pute the similarity between two proteins. More
detailed expositions of the various types of struc-
tural comparison methods, as well as their differ-
ences and drawbacks, can be found in [20, 17, 3].

For our study we chose six protein compari-
son methods that can be installed and run lo-
cally. Five are based on structural comparison be-
tween proteins (TOP [14], LOCK [22], CE [21],
MINAREA [3], THREECA [24]) and the sixth
is the sequence comparison method based on the
Smith-Waterman [23] algorithm.

4 Feature Extraction
Methods

The Complex Object Feature Extraction (COFE)
method [9] is a scalable method we have developed
for extracting high quality features from complex
object databases, like protein databases. The di-
mensionality of the resulting embedding can fur-
ther be reduced using a greedy resampling method.
A complete exposition of the method, including a
detailed analysis and evaluation can be found in [9].

The FastMap method proposed by Faloutsos and
Lin [4] is a feature extraction method that works
both on data objects having a vector representa-
tion and on datasets characterized by inter-object
(dis)similarities. It is therefore applicable to pro-
tein databases endowed with a distance function
between proteins.

To compute the accuracy of a protein compari-
son method or a feature extraction method we use a
measure that we call the Cluster Preservation Ratio
(CPR) [10], which computes how well biologically
significant clusters, as defined by a classification,
are preserved by the embedding. We define the
CPR of a query protein g; to be:

|Eq; N Cy;

qi

where:

e ¢; is a query protein in cluster Cy, in the orig-
inal space

o |Cy;| = mg; and is defined by the classification

o FE,, is the set of closest my, proteins to g; in
the embedded space

We also investigate whether or not the closest
k proteins to a query protein belong to the same
class of proteins, as given by the manually con-
structed protein classification. This means a relax-
ation in the definition of the Cluster Preservation
Ratio measure, by having mg, = min{|Cy|,k}. We
therefore also consider the 5 closest (5CPR) and 3
closest (3CPR) proteins measures.

Out of the six considered protein comparison
methods, four of them, namely TOP, LOCK,
THREECA and Smith-Waterman, provide similar-
ity scores between proteins while only two of them,
CE and MINAREA, provide dissimilarity scores.
Because both embedding methods rely on distances
between proteins, for those automatic protein com-
parison methods providing similarity information,
we transform the similarity score into a dissimilar-
ity (distance) score. In addition to a protein dis-
tance function

d(A, B) = s(A, A) + s(B, B) — 25(A, B)

proposed by Linial et al. [13], we also consider the
inverse function and choose the best one for each
method:

if A and B are different

_1
d(A,B) ={ s(A,B)
0 if A and B are the same



5 Methodology

We are interested in a method that gives an over-
all good (dis)similarity measure to use in the fea-
ture extraction method. This is why we need a
way to evaluate the accuracy of a protein structure
comparison method globally. We therefore use as
measure the average Cluster Preservation Ratio [10]
over a set of queries.

In devising the experiments we are faced with
two important questions: how to choose the test
dataset, and which classification of proteins to
use. We selected the dataset to contain struc-
turally related proteins with low sequence similar-
ity. We chose to use the Structural Classification
of Proteins (SCOP) [16], which is considered in
the structural bioinformatics community to be the
“gold standard” in defining the structural relation-
ship between proteins from the Protein Data Bank
(PDB) [2]. We use the PDB_SELECT [7] database,
which provides lists of protein structures with se-
quence similarity within specified thresholds, to se-
lect a set of proteins belonging to certain SCOP
defined families.

We selected a dataset of 125 protein structures
from the 25% threshold PDB_SELECT list. The
structures were chosen in such a way that 105 of
them can be grouped in 11 subsets of structures of
sizes varying from 6 to 22, where all structures from
a subset belong to the same SCOP fold. The rest
of 20 structures belong to SCOP folds not common
to any other structure in the chosen dataset.

In Section 6 we perform an assessment of the
accuracy of the six automatic protein comparison
methods against the manually constructed classi-
fication of proteins, SCOP [16], and in Section 7
we analyze the performance of COFE on structure-
based and sequence-based protein distance spaces
and compare it with FastMap.

6 Structural Method
Comparison

Figure 1 presents the results for the average Cluster
Preservation Ratio (CPR) measure and its relax-
ations, the 5CPR and 3CPR, for the 105 queries.
Three methods, TOP, LOCK and CE, show con-
sistently higher accuracy in preserving the biolog-
ical clusters as defined by the SCOP classification
of proteins. As expected, concurring with the way
the dataset is chosen, the Smith-Waterman method
performs poorly. This confirms the fact mentioned

earlier that sequence analysis does not provide suf-
ficiently accurate information for similarity query-
ing.

An interesting question is to what extent the
methods complement each other or overlap in the
results for the individual queries. In other words,
what is the chance that a subset of these methods,
combined, can perform better than any of the in-
dividual methods separately. To answer this ques-
tion, we need to look beyond the global result re-
ported in Figure 1.

Figures 2 and 3 further detail this comparison.
Figure 2 shows the number of queries for which each
method gives the best overall result (the highest
CPR value over all the methods). Figure 3 reports
for how many queries the entire cluster is preserved
(CPR has a value of 100%).

Out of the 105 queries, 35 have the maximum
value of the CPR as 100%. This represents 33.33%
of the queries. We also notice that all these 100%
values belong to one of the following 3 methods:
CE, LOCK and TOP. 31 of these values are given
by LOCK and TOP alone.

For 93 queries, the maximum value of the 5CPR
is 100%. This represents 88.57% of the queries. We
also notice that all these 100% values belong to one
of the following 3 methods: CE, LOCK and TOP.
90 of these values are given by LOCK and TOP
alone, 84 by CE and LOCK and 82 by CE and
TOP.

For 99 queries, the maximum value of the 3CPR
is 100%. This represents 94.28% of the queries. We
also notice that all these 100% values belong to one
of the following 3 methods: CE, LOCK and TOP.
A1l 99 of these values are given by LOCK and TOP
alone, 96 by CE and LOCK and 95 by CE and TOP.

7 Feature Extraction
Comparison

We ran both the COFE and the FastMap methods
on the selected dataset to produce 36-dimensional
embeddings, apply a greedy resampling heuristic [9]
on the extracted features and use the embedding
with highest quality to represent the method in the
comparison.

Figure 4 summarizes the results of comparing
the quality of the embeddings for the two meth-
ods, COFE and FastMap, with the accuracy of the
(dis)similarity measures between proteins produced
by the protein comparison methods. For those
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Figure 1: Average Cluster Preservation Ratio for six protein comparison methods.
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Figure 2: Number of maximum values for six protein comparison methods.

automatic protein comparison methods providing
similarity information, we chose to compare the
results for the method using the protein distance
function that produces the highest quality embed-
ding. We noticed that on the considered dataset,
CorE works better with the inverse function for
scores provided by most protein comparison meth-
ods, while FastMap performs better using the Linial
et al. distance function.

Results show that for the three protein compari-
son methods that show higher accuracy in preserv-
ing the clusters, namely TOP, LOCK and CE, both
CorFE and FastMap show very good overall quality,
although the embedding produces a loss in qual-
ity. COFE outperforms FastMap for all three meth-

ods. The loss in quality compared to the accuracy
of the embedding methods is 32% for COFE and
40% for FastMap compared to the TOP method,
12% for Co¥rE and 17% for FastMap compared to
the LOCK method, and 25% for Core and 41%
for FastMap compared to the CE method. On the
other hand, for the three protein comparison meth-
ods that already show low accuracy in preserving
the clusters, namely MINAREA, THREECA and
Smith-Waterman, the COFE method improves the
quality of the embedding. The gain in the qual-
ity of the COFE embedding compared to the ac-
curacy of the methods is 5% for MINAREA, 22%
for THREECA and 14% for the Smith-Waterman
method. FastMap also shows a substantial gain in
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Figure 4: Comparing the CPR for the methods, the FastMap and COFE embeddings.

the quality of the embedding compared to the ac-
curacy of the THREECA method by 41%.

8 Conclusions

An initial assessment of the accuracy of six au-
tomatic protein comparison methods against the
manually constructed -classification of proteins,
SCOP [16], indicate that three structural pro-
tein comparison methods show higher accuracy in
preserving biologically significant clusters, namely
TOP, LOCK and CE. As expected, the Smith-
Waterman method performs poorly, concurring
with the way the dataset was chosen and with the

theory that sequence analysis does not provide suf-
ficiently accurate information for similarity query-
ing.

We then performed a comparative experimental
evaluation of our developed method, COFE, and
a previously proposed method on sequence and
structure-based protein distance spaces. The re-
sults on the considered dataset for five different
structure-based distance spaces show that COFE
provides significantly higher quality embeddings for
four of them. We conclude that COFE proves to be
a practical method for extracting high quality fea-
tures from protein databases.
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