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Abstract

Finding structural similarities between proteins often helps revealing shared functionality which
otherwise might not be detected by native sequence information alone. Such similarity is usually
detected and quantified by protein structure alignment. Determining the optimal alignment between
two protein structures remains however a hard problem. An alternative approach is to approximate
each protein 3D structure using a sequence of motifs derived from a structural alphabet. Using this
approach, structure comparison is performed by comparing the corresponding motif sequences, or
structural sequences. In this paper, we measure the performance of such alphabets in the context of
the protein structure classification problem. We consider both local and global structural sequences.
Each letter of a local structural sequence corresponds to the best matching fragment to the
corresponding local segment of the protein structure. The global structural sequence is designed to
generate the best possible complete chain that matches the full protein structure. We use an alphabet
of 20 letters, corresponding to a library of 20 motifs or protein fragments of size 4 residues. We show
that the global structural sequences approximate well the native structures of proteins, with an average
cRMS of 0.69 A over 2225 test proteins. The approximation is best for all a-proteins, while relatively
poorer for all s-proteins. We then test the performance of four different sequence representations of
proteins (their native sequence, the sequence of their secondary structure elements, and the local and
global structural sequences based on our fragment library) with different classifiers in their ability
to classify proteins that belong to five distinct folds of CATH. Without surprise, the primary sequence
alone performs poorly as a structure classifier. We show that addition of either secondary structure
information or local information from the structural sequence considerably improves the
classification accuracy. The two fragment-based sequences perform better than the secondary
structure sequence, but not well enough at this stage to be a viable alternative to more computationally
intensive methods based on protein structure alignment.

Keywords

Protein structure; Structural alphabet; Structure classification; Protein sequence comparison;
Sequence feature space

© 2008 Elsevier Ltd. All rights reserved.

*Corresponding author. quand.le@ucd.ie (Quan Le), gianluca.pollastri@ucd.ie (Gianluca Pollastri), koehl@cs.ucdavis.edu (Patrice
Koehl)..

Publisher's Disclaimer: This is a PDF file of an unedited manuscript that has been accepted for publication. As a service to our customers
we are providing this early version of the manuscript. The manuscript will undergo copyediting, typesetting, and review of the resulting
proof before it is published in its final citable form. Please note that during the production process errors may be discovered which could
affect the content, and all legal disclaimers that apply to the journal pertain.



1duasnuey Joyiny vVd-HIN 1duasnue Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

Page 2

1 Introduction

There is a clear understanding in biology that all cellular functions are deeply connected to the
shape of their molecular actors. This is especially true for proteins, whose functions are directly
related to their three dimensional structures.1# In hope of deciphering the rules that define the
relationships between structure and functions, large scale experimental projects are performed
to provide maps of the genetic information of different organisms, including the human
genome®6 (mostly in the form of genetic sequences of proteins), to derive as much structural
information as possible on the products of these genes, and to relate these structures to the
function of the corresponding proteins. These are the different ”-omics” projects, genomics,
structural genomics’ and functional genomics,® to name a few. While these studies are
generating a wealth of information, stored into databases, the key to their success lies in our
ability to organize and analyze this information, i.e. in our ability to classify proteins, based
on their sequences, structures and/or functions, and to connect these classifications (for reviews
see?10), In this paper, we focus on the effort of organizing protein structures.

It is currently easier to detect that two proteins share similar functions based on their structures
rather than on their sequences. This was observed as early as in 1960, when Perutz et al.11
showed that myoglobin and hemoglobin, the first two protein structures to be solved at atomic
resolution using X-ray crystallography, have similar structures even though their sequences
differ. These two proteins are functionally similar, as they are involved in the storage and the
transport of oxygen, respectively. Since then, there has been a continued interest in finding
structural similarities between proteins, in the hope of revealing shared functionality that could
not be detected by sequence information alone. The result of this interest is the development
of systems for classification of protein structures that identify and group proteins sharing the
same structure so as to reveal evolutionary relationships. Currently, there are three main protein
structure classification schemes, SCOP,12 CATH,13 and DALI.14

Central to any classification scheme is the concept of similarity, and its quantification. A
measure of similarity is required to generate the initial classification of the data, as well as to
identify the class to which any new data would belong. Defining a similarity measure for protein
structures is a difficult problem, leading to discrepancies between the different classification
schemes. Protein structure similarity is most often detected and quantified by a protein structure
alignment program. Although an approximate optimal solution of the structural alignment
problem exists,1° it is computationally too expensive to be of practical interest. All methods
available to-date are heuristic, and consequently at best suboptimal. Many evaluations of
structural alignment methods are available.16-19 These studies usually conclude that an optimal
solution to this problem that is fast and reliable and therefore appropriate for classification still
need to be defined. As a consequence, there is a significant interest in developing alternative
approaches to protein structure alignment for measuring similarities (for a recent review,
seel0).

Finding the (sub) optimal alignment between two protein structures is a hard problem as the
rotation and translation of one of the two structures with respect to the other must be found in
addition to the alignment itself. By converse, finding the optimal alignment between two
protein sequences is a much easier problem, as it can always be solved using dynamic
programming, so long as a satisfactory substitution model is available. If it was possible to
translate faithfully a protein structure into a string of letters, protein structure comparison would
therefore become much easier. This idea of representing structures as a string of letters is in
fact grounded in the observation that recurrent, regular structural motifs exist at all levels of
organization of protein structures. This was first observed by Corey and Pauling2%:2 and later
refined into the concept of protein secondary structures. Although the latter can be predicted
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with high accuracy (> 80%), the description of a protein in terms of its secondary structures is
not sufficient to capture accurately its three-dimensional geometry. To overcome this
limitation, several studies have focused on defining libraries of fragment representatives from
which complete protein structures can be modeled with adequate accuracy.22-2° In these
approaches, protein structures are represented as a series of overlapping fragments, each
labeled with a symbol, defining a structural alphabet for proteins. The fragments are chosen
such as to provide either the best local fits to segments of the protein structure, or the best
global fit to the entire protein structure, resulting in two types of structural sequences, namely
local or global.2” Current applications of these structural alphabets include protein structure
modeling and in particular decoy generation,30 local structure prediction,24:31-34 the
reconstruction of a full-atom representation of the protein from the knowledge of the positions
of its Ca only,3%:36 identification of structural motifs,37:38 analysis of protein-protein
interactions,39 as well as protein structure comparison and protein structure database
search29:40-46 \We are interested in an extension of the latter, i.e. to the application of structural
alphabets to the problem of protein structure classification.

In this paper, we focus on the information content of sequences of proteins, in the context of
structure classification (fold classification). More specifically, we compare the performance
of five different classifiers, each tested with four different sequence representation of proteins:
the native amino acid sequences (NS), the secondary structure element sequence (SSES), and
two fragment-based structural sequences, namely a local (LFS) and a global (GFS) sequence
of fragments derived from a library of 20 fragments of size 4 residues. We show that LFS, GFS
and SSES always outperform the native sequences NS and that GFS and LFS perform
statistically significantly better than the SSES when adopted in combination with kernel-based,
SVM-based and HMM-based classifiers.

With the number of known protein structures in the Protein DataBank*’ growing exponentially,
the need for reliable, automatic structure comparison and structure classification tools has never
been greater. Here, we test an alternative approach to standard structure comparison in which
we use a 1D representation of a protein, or “sequence”, to compare and classify proteins. We
use four different types of 1D representation: the native sequence of amino acids of the protein
(NS), the string describing the secondary structure types of each residue (SSES) and two
fragment-based structural sequences, local (LFS) and global (GFS). Figure 1 shows an example
of each type of these “sequences” for a small toy protein containing one strand and one helix.
We explore two approaches for comparing and classifying sequences. In the first approach,
sequences are mapped and compared in a feature space, using a distance measure. In the second
approach, sequences are used directly to train either hidden Markov models (HMMSs) or support
vector machines (SVM) that are subsequently used for classification purpose.

The CATH2225 set of proteins is used as the protein test set for our procedure to generate
structural sequences. It includes 2225 proteins grouped into 619 CATH fold classes and was
designed such that the sequences of any pair of proteins in the set have statistically no similarity
(FASTA* E-value > 1074).19 We use five of the most populated folds in CATH2225 as a test
set for our classifier, covering the three main classes of CATH: one fully « fold (arc repressor
mutant), 1.10.10, one fully g fold (immunoglobulin fold), 2.60.40, and three o — g folds (TIM
fold, 3.20.20, an a — # plait, 3.30.70, and the Rossmann fold, 3.40.50). The five folds include
a total of 605 proteins from CATH2225; we refer to this set as CATH605. Figure 2 shows
examples of protein structures for each of the five folds.

J Mol Biol. Author manuscript; available in PMC 2010 March 27.



1duasnuey Joyiny vVd-HIN 1duasnue Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

Leetal. Page 4

2.1 A 20-letter structural alphabet

In our implementation, we use a library of twenty fragments, each of size four residues. This
library was constructed using the approach described by Kolodny and coworkers.2” The twenty
fragments, labeled [A-T], are shown on Figure 3. As expected, these fragments cover all types
of local structures for proteins: helices (fragments A, B, C, D and I), strands (F, K, N, R, S)
and turns (J). All the other fragments have mixed conformations, and correspond to entrance/
exit of helices and strands, as well as loop regions. We have built a tree to represent the
similarities between the fragments using the two programs Fitch and Drawtree of the Phylip
package.4? Fitch implements the Fitch and Marguliash®® method for constructing trees from a
distance matrix under the “additive tree model” according to which the distance between two
objects (fragments) is expected to equal the sum of branch lengths between the objects on the
tree. The output of Drawtree is shown on Figure 3; this tree clearly shows the mapping of the
fragments to the types of local structures of proteins.

2.2 Fragment-based local structural sequences of proteins

The local structural sequence of a protein is the sequence of fragments of length 4 that best
match overlapping windows of 4 residues that scan the protein structure, where match refers
to a low cRMS distance. Averaging the cRMS of the best fragment over all windows covering
the protein gives the local-fit score for that protein. To test the performance of our fragment
library, we computed this score for all 2225 proteins of our CATH2225 domain dataset. Reslts
are shown in Figure 4. The average local-fit over CATH2225 is 0.22 A. Kolodny et al?’ studied
the quality of local-fit approximation using libraries of different sizes with fragments of
different lengths, using a much smaller test set of proteins (145 proteins). They did not include
a library equivalent to the one used here in their study. They derived a relationship between
the expected cRMS and the complexity of the library. Their predicted cRMS for a library of
20 fragments of size 4 residues is 0.25, in full agreement with the value observed here. We
also calculated the average cRMS deviation for each of the twenty fragments of the library.
Figure 5 shows that the helical fragments fit better locally than all other fragments. This makes
intuitive sense: helices in proteins are more regular than S-strands, that show greater geometric
diversities.

2.3 Fragment-based global structural sequences of proteins

To derive the global structural sequence, we implemented a soft greedy algorithm in which
fragments are concatenated without degrees of freedom (similar to stacking lego pieces), such
that the coordinate root mean square (CRMS) deviation of the reconstructed structure compared
to the native structure is minimal (see the Methods section for more details). To test the
performance of both our fragment library and our global-fit algorithm, we reconstructed the
2225 proteins of our CATH2225 domain dataset (see Methods). Results are shown in Figure
6. The average cRMS deviation of the global-fit approximations over the whole dataset is 0.691
A. Kolodny et al? predicted that the average cRMS of global-fit reconstruction for a library
of 20 fragments of size 4 residues is 0.70, in full agreement with the value observed here. The
best approximation (0.19 A) is obtained for the domain 2bbvF0, a small helical fragment of
13 residues, while the worst approximation (1.07 A) is obtained for the domain 1qu5A0, a f5-
barrel domain of 179 residues that contains many long loops as well as a long unstructured
region.

We observe a strong effect of the secondary structure content on the accuracy of the global-fit
approximation. Figure 7 shows the global fit approximations of two proteins (2a0b00 and
1hce00) of the same size (118 amino acids), but with different types of secondary structure
elements. 2a0b00 is an all a-protein while 1hce00 is an all g-protein; their best approximations
achieve an overall cRMS of 0.38 A and 0.99 A, respectively. Figure 8 shows plots of the
accuracies of the global fit approximations for all proteins in CATH2225 versus the helix and
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strand contents of the proteins. The accuracy of the approximation improves (CRMS decreases)
as helix content increases, with a correlation of 0.8. Conversely, the accuracy of the
approximation declines as strand content increases. Both results are consistent with the finding
that fragments that best fit helical regions in proteins provide better matches on average than
extended fragments (see Figure 5).

2.4 Feature spaces for protein sequences

Each protein sequence is embedded in a space representing the substrings of length p (p-mer)
it contains. For p = 1, the size of the space is the size N of the alphabet on which the sequence
is drawn (20 for NS, GFS and LFS, and 3 for SSES). A protein sequence is represented in this
space as a N-dimensional feature vector containing the frequency of each letter of the alphabet
in the sequence. A fold in the same space is represented by the mean of the feature vectors of
all proteins it contains. To illustrate this process, figure 9 shows the feature vectors in the 1-
mer space for all five folds included in CATH605 based on the global structural sequences
GFS of their representatives. As expected, the fold 1.10.10 (a-proteins) contains predominantly
the fragments A, B, C and | that have been identified as helical fragments (see Figure 3), while
the fold 2.60.40 (S-proteins) contains predominantly the fragments F, K, N, O, R and S that
correspond to extended regions in proteins. Note that the fragment H is highly represented in
these two different folds. Fragment H is neither helical nor extended; it is expected to be found
in loops and therefore will appear in the global structural sequences of many types of proteins.
The three mixed a — $ folds contain a mixture of these two sets of fragments. The differential
fragment usage based on the secondary structure content of the protein was already observed
by Friedberg and colleagues.*

The 2-mer space has size N2: it contains all possible substrings of size 2 that can be formed
with the letters of the alphabet for the sequence. The 2—mer space measures the usage of each
of these letters, as well as captures their local correlations; as such, it is expected that it provides
a better mapping of the sequence space than the 1-mer space, as the conformations of
consecutive residues along the backbone of proteins are correlated to one another. In Figure
10, we show two-dimensional representations of the 1-mer and 2—mer feature spaces for all
four types of sequences (NS, SSES, GFS and LFS). The 2D representation is created by using
metric multidimensional scaling (MDS).%1 We evaluate the clustering of the five folds in the
2D MDS representation using the Average Intercluster Separation, AlS, defined such that a
good cluster configuration corresponds to a large AlS value (see methods). There is very little
separation between the five folds in the 1-mer space based on the native sequence (AlS=0.26):
this is not surprising as the sequences in CATH605 have very little similarity by design. The
corresponding 1-mer spaces based on the structural sequences (SSES, GFS and LFS) show
better separation of the five folds (A1S=0.58, 0.5 and 0.54, respectively). The all-a (black
points) and all-g folds (red points) are well separated; for all three alphabets (SSE, GF and LF)
however, the three mixed o — $ folds overlap significantly. Mapping the native sequences on
the 2—mer space improves the representation of the folds; the mixed « — £ fold 3.40.50 (green
points) however still overlap significantly with the & and $ folds. In the 2—-mer space based on
the secondary structure elements, the two mixed a —  folds 3.20.20 and 3.30.70 (blue points
and magenta points, respectively) are nearly indistinguishable. The 2—mer spaces based on the
local and global structural sequences show better separation of the five folds with AIS values
of 0.70 and 0.69, respectively, compared to 0.63 for the 2— mer space based on secondary
structure and 0.47 for the 2— mer space based on native sequences. The same results were
observed for higher dimensional representations of the feature spaces (results not shown).

2.5 Structure similarity versus sequence similarity

Two proteins with highly similar sequences almost always share the same fold. The reverse,
however, is not always true: Rost>2 has shown that pairs of proteins with similar structures

J Mol Biol. Author manuscript; available in PMC 2010 March 27.



1duasnuey Joyiny vVd-HIN 1duasnue Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

Leetal.

Page 6

possess, on average only 8-10 % sequence identity: this observation is one of the main reasons
that it is difficult to classify protein structures based on sequence only. The global structural
sequence (GFS) of a protein is designed to capture the characteristics of its structure: a measure
of structural sequence similarity should therefore correlate well with a measure of structural
similarity. To test this hypothesis, we selected 10,000 diverse pairs of proteins in CATH2225,
from highly similar to divergent in structures. For each pair, we computed three different
similarities between the two proteins: the L1-norm distances based on the 2-mer feature space
for the native sequence (NS) and global structural sequence (GFS), and the structural
similarities computed using the structural alignment program STRUCTAL.52 Figure 11 shows
how these measures compare. Native sequence similarity does not correlate well with structure
similarity (correlation coefficient: 0.5); the global structural sequences however correlate much
better with the structure similarity, with a correlation coefficient of 0.70.

2.6 ROC analysis of protein homology detection

The 2D-representations of the different sequence feature spaces considered above all have in
common that similar (i.e. homologous) proteins are mapped to localized regions. To further
quantify this observation, we evaluate the performance of similarity measures based on these
feature spaces using receiver operating characteristic (ROC) analysis.>* The five folds in
CATHG605 serve as the standard: a pair of structures is defined as similar, or “positive”, if they
belong to the same fold, and “negative” otherwise. All pairs of proteins in CATH605 are then
compared using a similarity measure. For varying thresholds of the measure, all pairs below
the threshold are assumed positive, and all above it are negative. The pairs that agree with the
standard are called true positives (TP), while those that do not are false positives (FP). ROC
analysis compares the rate of TP as a function of the rate of FP; it is scored with the area below
the corresponding curve. A ROC score of 1 indicates that all TP are detected first: this
corresponds to the ideal measure. On the other hand, a ROC score of 0.5 corresponds to the
first diagonal: TP and FP appear at the same rate, and the measure is not discriminative.

We evaluate the performance of the L1-norm distance on the 1-mer and 2-mer feature space
of all three sequence representations (native, SSE and fragment-based), and compare with the
performance of FASTA%8 and STRUCTAL.>3 Results are shown in Figure 12 and table 2.

FASTA implements a fast Smith and Waterman sequence comparison; the similarity is given
either as a raw score, or as an E-value; we use the latter as a similarity measure. The ROC
curve for the FASTA measure is marginally above the first diagonal, with a score (area) of
0.57: this is expected, as by construction all protein pairs in CATH605 have little or no sequence
similarity.

STRUCTAL searches for an optimal alignment of two protein structures using an trial-and-
error approach in which an initial alignment is assumed and subsequently refined using
dynamic programming. The best alignment is the one with a maximal STRUCTAL score that
accounts for the Euclidean distance between the superposed structures and the number of gaps
in the alignment.>3 The ROC curve shows that STRUCTAL performs well, with a score of
0.91. This is in agreement with a recent study that compares different structural alignment
programs.19

The similarity measures based on the L1-norm distance in the feature spaces corresponding to
the four sequence representations perform at levels intermediate to FASTA and STRUCTAL.
The NS sequence space is closer to FASTA, as it is based on the native sequence of amino
acid. The structural sequence spaces SSES, GFS and LFS perform similarly, with ROC scores
of 0.85, 0.82 and 0.82, respectively. None perform as well as STRUCTAL.: this shows that
either the structural sequence or its representation in feature space do not capture all structural
features of the proteins.
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The L1-norm is only one option for computing the distance between two sequences in their
feature space: another approach is to use a kernel to estimate inner product, from which a
distance can be derived (see for example® and the Method section). We compared the L1-
norm ROC scores obtained with a kernel based distance (see table 2) and found very little
differences.

2.7 Detecting fold membership

2.7.1 Distance-based classification—The ROC analysis detects protein similarity. We
extended the analysis of our sequence similarity measures to the problem of detecting fold
membership by performing a set of computational fold classification experiments. In each
experiment, we randomly divide the sets of proteins for all five folds that form CATH605 into
two groups of approximately equal size: the first groups serve as training sets to define the
folds, while the second groups serve as test sets. The test proteins are classified in one of the
five folds and the results are stored in a confusion matrix (element (i,j) of this matrix shows
how many proteins belonging to fold i are classified as belonging to fold j). The accuracy of
the classifier is then defined as the ratio of the trace of the confusion matrix over the sum of
all its elements (i.e. the percentage of correctly classified proteins). To remove possible bias
from the initial separation of the protein set into test and training sets, the procedure is repeated
1000 times. We performed these experiments for the four types of sequences, for two different
feature spaces (1-mer and 2-mer), and for two distance measures in these features spaces
(namely L1-norm distance and kernel-based distance). The results are reported in table 3. As
expected from the feature space representations show above, classifications based on 2-mer
representation of protein sequences outperform classifications based on 1-mer features.
Interestingly, the kernel-based distances perform better than the L1-norm for the native
sequences and the fragment-based structural sequences, but not for the SSE-based structural
sequences. This is probably related to the differences in the sizes of the corresponding feature
spaces, as NS, GFS and LFS are based on a 20-letter alphabet, while SSE only includes 3
categories (H, E and C). We find that classifications based on structural sequences (SSES, GFS
and LFS) always outperform the classifications based on the native sequence only. For
completeness, we performed the same experiments using STRUCTAL as a classifier; its
success rate is 97.7 + 0.8 %, confirming that it outperforms our sequence-based classifiers.

2.7.2 HMM-based classification—Table 3 shows that the fragment-based structural
sequences perform better than the secondary structure element sequences for fold recognition
in protein sequence feature spaces. It is not clear however if this is related to the quality of their
representations as high dimensional vectors, or a consequence of the difference of the
information content of the sequences themselves. To further characterize the latter, we repeated
the fold classification experiments using Hidden Markov Models. For each experiment, we
build HMMs on each of the training set for the five folds of CATHG605; each protein in the test
set is then assigned to one of the five folds, with the HMM model of this fold scoring the
highest. The protein sequences representing the fold are considered as the observables, and the
hidden states are unknown. We generated a separate model for each of these sequences using
the Baum-Welch algorithm;>® these models were subsequently combined using a simple
unweighted average scheme. We fixed the number N of hidden states to 4 (see methods for
details). The classification accuracies for the HMMs based on the NS, SSES, GFS and LFS
are 42.9 %, 63.3 %, 71.5 % and 71.0 %, respectively. As expected, the native sequence alone
performs poorly. Interestingly, the HMMs based on the two types of fragment-based structural
sequences (global and local) outperform the HMMs based on secondary structure information.

It should be noted that the first order Markovian assumption used in HMM s is clearly violated
by fragment-based global structural sequences, as the buildup procedure positions one element
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of the sequence based on its three previous elements; as such, the HMMs results should be
considered as qualitative.

2.7.3 SVM-based classification—Qiu et al°’ have shown that SVM kernel classifiers
perform well for protein structure classification, when combined with structure comparison
data. Furthermore, they found that classification based on the structural data alone did not
perform as well as when they added the SVM kernel classifier. Leslie et al®® observed the same
behaviour when comparing classification based on native sequence alone, and classification
using native sequence and an SVM classifier based on p-mer string kernels Here We tested if
these results generalized on different types of protein sequences. For this purpose, we have
adapted the multiclass SVM classifier available in Shogun,®® an open-source machine learning
toolbox, to work on our p-mer based string kernel. We tested the classification power of the
resulting SVM as follows. The sequences of each fold in Cath605 are randomly divided into
two groups, training all testing. The training sequences of the five folds are used to parametrize
the multiclass SVM, which is subsequently used to classify the testing sequences. The
procedure is repeated 1,000 times, for each type of sequence representation. Results are given
in table 4. As expected from the results of Leslie and colleagues,® the SVM kernel classifier
performs better for fold recognition than the much simpler distance-based classifier, with an
average of 10 % increase in performance. The ranking of the different sequence representations
however remains identical: the native sequences perform poorly while the two fragment-based
structural sequences perform best, with small but statistically significant improvement
compared to the sequences based on secondary structure elements.

Table 4 reports the results of experiments using the 1-mer and 2-mer spectrum kernels. We
repeated these experiments with higher order spectrum kernels. The performances of the NS,
GFS and LFS decreased quickly as the order of the spectrum kernel was increased from 3-mer
upward, while the performance of the SSE sequences increased slowly as the order p-mer was
increased, peaked for a 7-mer kernel with the accuracy 77.1 + 1.3% and then decreased. These
results are just an illustration of the effects of using small data sets and large size alphabets.

3 Discussion

The goal of our study is double: find an appropriate 1D representation of a protein that captures
its structural characteristics, and derive a method that uses this 1D representation to classify
protein structures.

3.1 Building 1D structural sequences for proteins

To reach our first goal, we have derived a structural alphabet of 20 fragments of size 4 residues
using the method proposed by Kolodny et al.2” We derive two types of 1D structural sequence
for a protein using either a local-fit procedure, yielding the local fragment-based sequence
(LFS), or a global-fit procedure that builds a chain using these fragments such as to minimize
the cRMS between the chain and the actual structure, yielding the global fragment-based
sequence, (GFS). We have shown that the LFS matches gives good local fit to the corresponding
protein structure, with an average cRMS of 0.25 A over all its fragments of size 4. The LFS
however does not capture the overall 3D geometry of the protein. We have then shown that
using the global-fit procedure, we can rebuild proteins with an average accuracy of 0.69 A,
where the average is taken over 2225 proteins (Figure 4). This result cannot be compared
directly with other related studies, as the testing sets are usually different. To avoid ambiguity,
we repeated our reconstruction experiment on the Park and Levitt set,>® which has been
considered before. We achieved an average accuracy of 0.73+0.13 A cRMS for the resulting
backbone reconstruction. On the same protein set, Camproux et al?8 obtained an average
accuracy of 0.64 using a library of 27 fragments of four residues. Kolodny et al2’ observed
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that the global-fit accuracy of chains built from structural sequences derived from library of
C fragments of length 4 satisfies the empirical equation < cRMS >=5.75C %7, Applying this
equation to our library and to the library of Camproux et al yields predicted accuracies of 0.71
and 0.57, respectively, well in range with the observed values. Recently, Baeten and
colleagues3® achieved an average reconstruction accuracy of 0.48 A on the same dataset. In
order to reach this accuracy, they used a library of more than 1000 fragments with 6 different
lengths. Figure 8 gives us information on why our library did not perform as well as this larger
library. We observed that the accuracy with which global structural sequences capture the 3D
geometry of a protein improves as the helical content of the protein increases; conversely the
accuracy decreases as the strand content of the protein increases. Both observations agree well
with the known fact that S-strands have a greater tolerance for deviation from regularity than
helices.! Strand-like fragments are not under-represented in our library, and in fact make up
1/3 of all fragments (see Figure 3); this is still not large enough to cover the wide basin of
conformations observed for residues in strands. Baeten and colleagues overcame this problem
by including a very large number of fragments.36 The question remains as to whether it is
possible to reach such accuracy with a much smaller library.

3.2 Structural alphabets and protein structure classification

Protein structure alignment is the most natural method for comparing and/or classifying protein
structures. Unfortunately, current algorithms for aligning protein structures are heuristic, and
as such cannot guarantee that they find the optimal solution.1® In addition, the measure of
similarity usually reported, i.e. the cRMS, is not a metric for comparing proteins of different
sizes, and as such reduces the options in choosing a classifier. An alternative approach to
structure alignment is to represent protein structures as vectors in a high dimensional feature
space; protein similarity is then quantified in this feature space. In this study, we converted the
structure information of a protein into a 1D sequence and then used representation of these 1D
sequences in a feature space built upon their substrings to classify protein structures.

We use four different types of sequences: the baseline is the native amino acid sequence and
we include three structure-based sequences: a sequence based on secondary structure, and two
structural sequences based on fragments, one obtained using local fit to the structure, the other
providing the best global-fit to its overall 3D shape.

Native sequences have been used extensively for predicting the structural class or the fold of
a protein (see for example®0:61 and references therein). Most of these studies focus on
developing new representations of the native sequence; those include histograms of its amino
acid composition (which is equivalent to the 1-mer representation we consider),%2:63 pseudo
histograms that maintain some information about the order of the amino acids in the sequence,
61 as well as vectors in a feature space indexed by all the sequence p-mers.5%:60:64,65 | the
latter studies, Leslie and co-authors project the native protein sequences in a feature space with
k =3, 4 or 5and compare the corresponding vectors using a kernel-based distance and a support
vector machine (SVM) classifier. The ROC scores they report for homology detection
experiments on a dataset similar to ours are of the order of 0.62 for fold recognition;>® our
ROC scores vary from 0.60 to 0.65, depending on the feature space we use (1-mer or 2-mer),
and the distance we use in this feature space (L1-norm or kernel-based). Note that we only use
feature spaces indexed by substrings up to 2—mer as our training sets are smaller than those
used by Leslie et al; we tested p = 3, and the ROC scores dropped to 0.48. The loss of accuracy
as we increase the word (p-mer) size was also observed by Lingner and Meinicke.®8 The latter
authors describe applications of word correlation matrices for remote homology detection, with
the words being similar to the p-mer strings we use. They report much better results than those
of Leslie at al, or those reported here, with ROC scores in the range 0.8 to 0.92. However, we
cannot directly compare however the results of Lingner and Meinicke with ours, as their test
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set is much less stringent than ours in the choice of sequences with very little homology. It
should be noted that we did not attempt to improve our results on the native sequences, as those
were used solely for comparison with the results based on structural sequences.

The local structural sequence LFS of a protein is conceptually equivalent to its sequence of
secondary structure elements SSES, with a larger alphabet; both describe well the local
structure of a protein, but do not capture its three-dimensional shape. We have shown that local
structural sequences induce better fold classification than secondary structure sequences, based
on distance-based, HMM-based and SVM-based classifiers. The improvement however,
though significant, is not commensurate with the difference of the richness of the alphabets
(from 3 letters for SSEs to 20 letters for LFS) This makes intuitive sense as helical and extended
(strand) conformations dominate among local conformations of proteins, as observed for
example on the Ramachandran plot describing a protein. In parallel, we have shown the global
structural sequences GFS perform with the same success level as local structural sequences.
This result is more surprising. Intrinsically, a GFS contains more information than the SSES
or LFS, as it captures the protein’s 3D shape: we have shown for example that we can
reconstruct the full 3D structure using the former within 0.7 A, i.e. with a high accuracy level.
Our results indicate that the three types of classifiers we have used, namely distance-based,
HMM-based and SVM-based, are not able to capture this information. The reasons for this
failure are unclear at this stage: the small size of the p-mer (limited to 2 as data become scarce
for larger strings), the quality of the kernel (basically linear in our case), the choice of hidden
states for HMM are all possible causes that require further investagation. For example, the
HMM we have built do not take into account position, as we did not align the set of sequences
representing a fold (this is usually done in HMM-based fold recognition techniques). While it
is relatively easy to align multiple native sequences of proteins using dynamic programming
and a mutation matrix, it is more difficult to align structural sequences, because of the strong
correlations between neighboring fragments. Recent developments in this area?2:40-46 give us
hope that we will be able to develop more performant HMMs based on structural sequences.

Structural sequences have already been used for structure classification. Wang et al used HMM
learning on sequences of local structural alphabets (LSA) to classify protein structure folds;
41 they report accuracies of fold classification of 82 % on training-set structures sharing less
than 40 % pairwise sequence identity and 65 % for those sharing no more than 25 % sequence
identity. Our results on the local structural sequences LFS fall between these two values, with
accuracies of the order of 70 %. Wang et al also tested structural alphabets of different sizes,
and showed that results improve as the alphabet size increases up to 20 letters but then reaches
a plateau. This comforts us in our choice to maintain a small alphabet size to derive structural
sequences.

3.3 How do we compare structural sequences?

While pattern recognition techniques attract a lot of interest for comparing protein sequences,
sequence alignment using dynamic programming remains the method of choice when
comparing native sequences of proteins. There are however at least two problems when we try
to apply sequence alignment to structural sequences. Firstly, we need a substitution matrix and
values for the gap penalties. There has been several attempts to derive such values for structural
alphabets;29:44 alignments using these parameters are not yet equivalent to the corresponding
direct structural alignments. Secondly, special care is needed to make sure that dynamic
programming applies on these sequences; problems occur for global structural sequences, as
the letters in the sequence are not independent of each other. In this study, we avoided these
issues by projecting the sequence in a feature space, and using pattern recognition techniques
to compare sequences in this space. We have shown however that these techniques do not
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extract all the information contained in the structural sequences. We expect that success will
come from first solving the structural sequence alignment problem.

Conclusion

Structural biology recently experienced a major uplift through the development of high
throughput studies aimed at developing a comprehensive view of the protein structure universe.
The key to the success of this approach lies in our ability to organize and analyze the wealth
of information it generates and to integrate that information with other efforts in cellular
biology. Protein structure comparison and classification are obligatory steps of this process
and as such are the focus of many research studies (for review, see®). Protein structure
alignment is probably the most natural approach to performing these two steps. However,
difficulties in generating accurate structural alignments'9:67 and ambiguities of the RMSD, the
standard measure of structure similarity (which is not a metric when comparing proteins of
different sizes) is pushing the field of computational biology to search for alternative
approaches that may alleviate these problems. In this study, we explored the option to encode
the 3D structure of a protein into a 1D string or sequence and to use standard pattern recognition
techniques to compare and classify these sequences. We have shown that both local and global
1D representations based on a structural alphabet of sequential protein fragments map the
protein structure accurately, perform significantly better than the 1D representation based on
the secondary structure content of the protein for fold recognition purposes, but not enough to
become a viable replacement to computationally intensive procedures such as structural
alignment tools. We plan to extend this study in several directions. Firstly, we will analyze in
greater detail the reasons of this apparent failure. In particular, we will test more sophisticated
sequence learning tools to capture long range correlations from sequence data. Then, we want
to take into account the fact that the 1D global structural sequence of a protein is not unique;
by using profiles of 1D structural sequences, we expect to be able to exploit more sophisticated
sequence analysis methods to compare protein structures. Secondly, we plan to extend beyond
fold recognition and use our structural sequences for generating protein structural alignment,
along the lines of recent work of Friedberg et al.** Another direction is to study the correlations
between the different sequence representations of a protein. The idea that it might be possible
to predict the structural sequence of a protein based on its native sequence is very appealing.

4 Methods

4.1 Protein Fragment Library

We represent protein structures using a library of 20 fragments of protein backbone. Each
fragment is 4 residue long and is defined by the three-dimensional coordinates of its 4 Ca
atoms. The library was generated from 200 protein domains whose structure was accurately
determined by X-ray crystallography. Each of these domains was broken into a series of non
overlapping fragments of 4 residues, which were consequently grouped into 20 clusters,
according to their cRMS deviation from one another. Each cluster is represented by a single
element -the cluster’s center. This work has been described in detail elsewhere.?” Note that the
fragments do not include any sequence specifics of the proteins.

4.2 Structural Sequences

The 20 fragments in our library serve as building blocks for constructing 1D representations
of protein structures. Two types of 1D sequences, are considered, designed to capture local or
global structural features of the protein, respectively.
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The best local-fit representation of a protein is derived in linear-time by finding for each
fragment of four residues of the protein the most similar fragment in the library, where
similarity is measured using coordinate RMS.

We build the global structural sequence of a protein using the method introduced by Kolodny
and co-workers.2” Namely, copies of fragments from the library are repeatedly added to extend
a chain, until reaching the target length, under the constraint that the overall cRMS distance
between the model and the native structure of the protein is minimal. Each new fragment is
added by superimposing its first three atoms on the last three atoms of the growing chain,
extending the chain by 4 — 3 = 1 atom (where “atoms” refers to the Ca of each amino acid of
the protein). An important property of this method is that each step of adding a fragment is
local, while the measure of goodness of fit is global. Once the full chain is constructed, the
best approximation forms the model for the structure. Each fragment is then assigned a single
letter label (from A to T for the 20 fragments), and the final model for a protein structure can
be stored as a linear string of these labels with negligible loss of information.

The number of possible global-fit approximations for a protein of N residues with our library
of 20 fragments of size 4 is 20N~3; this number is too large to be explored systematically. Our
implementation is consequently heuristic, and uses a soft greedy algorithm with a heap
Nkeep. The choice of Nkeep is a balance between the desire to reach a high accuracy and the
reality of the computing time and memory usage. To decide on which value of Nkeep to choose,
We tested the quality of the global fit approximations of 2225 proteins (see below) for 5 values
of Nkeep. Results are shown in table 1. As expected, higher values of Nkeep lead to better
approximations. The accuracy however improves drastically with increasing Nkeep for small
heap sizes, and remains roughly constant for larger heap sizes. We consequently used a heap
size of 4000 for all our studies. We also find that the CPU time required to compute one
approximation depends roughly linearly on Nkeep (see table 1).

It is important to notice that the local structural sequence of a protein is unique, while usually
many global structural sequences represent the 3D protein structures with similar accuracies.
In this study, we define the global structural sequence of a protein as the highest scoring
sequence derived by our algorithm. As the latter is heuristic, there are no guarantees that this
sequence is indeed the best sequence that can be constructed. To ensure that this approximation
had no impact on the results presented here, we repeated all classification experiments with a
new definition of the global structural sequence, chosen at random among the top 50 best
scoring sequences obtained using the global-fit procedure. Results remained the same, both
qualitatively and quantitatively.

4.3 Data set of protein structures

The set of structures considered in this study is extracted from the database of 2930 sequence-
diverse CATH v2.4 domains used in a previous study.® As we focus on three-dimensional
structures, we consider the first three levels of CATH, Class, Architecture and Topology, to
give a CAT classification. We refer to a set of structures with the same CAT classification as
a fold class. Using a set of structures with sufficient sequence diversity ensures that the data
is duplicate-free and that the problem of detecting structural similarity is non-trivial for all
pairs of proteins considered. The 2930 structures were selected as follows: (i) sort all 34,287
CATH v2.4 domains by their SPACI score.%8 (ii) Start with the domain with highest SPACI
score, and remove from the list all domains that share significant sequence similarity with it
(FASTA E-value < 10~%. (iii) Repeat step (ii) with all domains in the list that have not been
removed. This is the same procedure used by Brenner et al. to generate the sequence-diverse
set of SCOP structures. The set of 2930 resulting from this procedure was further filtered to
remove all proteins whose experimental structures have gaps in their backbone. The final set
contains 2225 proteins, and is referred to as CATH2225.
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There are 619 fold classes in CATH2225, many of which only contain a single element (394).
To facilitate statistical analysis, we selected five of the most populated folds in CATH2225 as
the test set for all computational experiments run in these studies, including at least one fold
from each CATH class: CATH fold 1.10.10, a fully « fold (arc repressor, 62 representatives),
CATH fold 2.60.40, a fully g fold (immunoglobulin-like, 169 representatives), and three mixed
a - f folds: 3.20.20, (TIM-like, 67 representatives), 3.30.70, (two layer sandwich, 92
representatives) and 3.40.50 (Rossmann fold, 215 representatives). These five folds include a
total of 605 proteins of CATH2225 (set CATH605). Figure 2 shows examples of protein
structures for each of these five folds.

4.4 Classifiers

Our goal is to define protein structure classifiers based on sequence information (where
sequence can be the native amino acid sequence of the protein, or a structural sequence
representing the structure). The number of known protein structures is growing exponentially,
and the number of folds representing this structures is still growing: scalability is therefore an
essential feature that we take into account when designing of our classifiers. As a consequence,
we opt for relatively simple classification models.

The dynamics of the sequences are considered in the form of statistics of n-gram subsequences
of different string representation. In the following subsections we describe the three different
types of classifiers we adopt in this work: distance based (nearest neighbor) discriminative
models, generative models in the form of Hidden Markov Models (HMMs) and the multiclass
Support Vector Machines (SVMs).

4.4.1 Distance based methods—In the distance based methods, each protein sequence is
embedded in a high dimensional vector space in such a way that the distance between two
proteins in this space reffects their similarity. Here “sequence” refers to either the native
sequence (NS) of amino acids of the protein, the structural sequence obtained from the
secondary structure elements (SSES) of the protein, or through reconstruction using a fragment
library (FS). The pairwise distances are then used to classify the proteins. The different
approaches used here reduce to various ways of counting sub-strings that two strings have in
common. This is a meaningful similarity notion in biological applications since evolutionary
proximity is thought to result both in structure similarity (functional similarity) and in sequence
similarity. A distance-based classifier is fully characterized by: (a) the mapping of a sequence
in a feature space, (b), the representation of a fold class in this feature space, and (c), the
classification procedure itself.

The embedding map is defined between the space of all finite sequences over an alphabet £

(amino acids for primary sequences, or structural units for structural sequences) and a vector
space F. The coordinates of F are indexed by a subset | of strings over Z, that is by a subset of
the input space. In this paper we will study embeddings where I is the set ZP of strings of length
p. In practice, we will limit ourselves to the case p = 2, but the theory remains valid for all p.

We use ;s to denote the feature mapping

;5 SEX (q),, (s)) €F.
uel (1)

The embedding of protein sequences to the p-mer subsequence space is done either explicitly
by computing the p-mer probability distribution of each protein sequence, or by using implicit
embedding with p-spectrum kernel,89:70 the latter leading to much faster implementation (i.e.
with a linear complexity). We report here both of these methods.
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a. Ll1-norm distance method of p-gram probability distribution In this method, we
compute explicitly the probability distribution of p-mer for each protein. Each fold
can be represented by the mean of all proteins belonging to it, and the distance between
two protein sequences in the feature space can be computed as follows

=P —D
d(s,)=) 16, ()=, (D]

uexp (2)

b. p-spectrum kernel Perhaps the most natural way to compare two strings is to count
how many (contiguous) substrings of length p they have in common. We define the
spectrum of order p (or p-spectrum) of a sequence s to be the histogram of frequencies
of all its (contiguous) substrings of length p (p-mer). We define the p-spectrum kernel
as the inner product of the p-spectra. Formally, the feature space F associated with
the p-spectrum kernel is indexed by | = P, with the embedding given by

B (5)=1{(v1,v2) :s=vium}|,u € TP ®)

and the associated p-spectrum kernel between sequences s and t is defined as

kp (5,10 = (8" (5), 87 () = ) L ()} ().

uexr (4)

To turn the p-spectrum kernel into the inner product of p-mer probability distribution feature
space, we need to normalize the feature vectors (in other words, this step removes the effect
of the length of each sequence). This can be done by the following operation:

Kp (s,1)

ko (5, 8) Ky (1L 1) ®)

I_(p (s,0)=

The kernel functions represent inner products in a feature space. Given the kernel values, the
distance between the feature vectors corresponding to two sequences s and t can be computed
as

d(s,1%=k, (5, 8) +Kp (t,1) = 2K, (5,1) =2 — 2K, (5, 1) . ©)
Note that to compute the distance from a protein sequence to a fold, we need the notion of the
mean of a fold S in the feature space.
_p _p

1 1
0,=7)6 ()
i=1 (7)

where {s,-}f=1 € S are protein sequences in the fold.

Even though it is impossible to represent explicitly the mean of a fold in the feature space, we
can nevertheless compute its norm
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_p 2 _p _ l
||¢iu2=<¢i,¢f>=%22,,(s,‘,sj)
el (8)

and the distance between the mean of a fold and the image of a protein sequence is given by

_p _p 2 Lap) P _p _p _p _p
6 (s) - &,ll,= <¢ (5), ¢ (s)>+<¢s,¢s>—2<¢s,¢ <s)>

I
v (o © 1 = 1l e © 2N o fe w
= K (‘s,.s)+17 > K,,(.si, Aj)— 72 kp (s, 80)
ij=1 i=1 (9)

4.4.2 Hidden Markov Models—Hidden Markov Models (HMMSs) are statistical models for
modeling sequential data; they have been used successfully in pattern recognition, speech
processing and biosequences modeling. Rabiner wrote a good introduction to HMMs.” The

joint probability of a sequence of observations y1T=y1, ¥2,, ..y, can always be factored as

T
P(yi)=Pon | [P
=2 (10)

Its calculation appears intractable in general. However, if we assume that the past sequence
can be summarized by a state variable q;, then one can rewrite the previous equation as

T
P(y1)=>P(v.4i)
q1

(11)

where the sum over qlT represents the sum over all possible state sequences qlT:ql 242, --q, Of
length T. Fortunately now, this can be factored as follows

T T
P(yl.q1)=P @D [ [P@lan [ [P il "
=2 =1

using the first order Markovian assumption (one state depends probabilistically on just the
preceding state).”2 The joint probability is therefore completely specified in terms of initial
state probabilities P(qy), transition probabilities P(q¢|g:_1) and emission probabilities P(y|
gy). Since each state variable g; for the underlying Markov model is not directly observed but
is a stochastic function of the previous observations yt-1, such a model is called Hidden Markov
Model. It can be trained to maximize the likelihood of a training set of sequences (Maximum
Likelihood criterion), using well known algorithms such as Expectation Maximization (EM),
3 or Viterbi.”

For classification tasks, such as deciding if a given sequence belongs to a given target class
(fold in our case), one usually trains a different HMM for each class (fold) to maximize the
likelihood that the training sequences are assigned to that class. Then, given a new sequence
to classify, one computes the likelihood of the sequence for each HMM, and selects the class

that maximizes the likelihood criterion, P (y{ Iclass=c),
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The HMM of a fold is constructed from a training set of sequences it contains. Individual
models are constructed for each training sequence using the Baum-Welch procedure,®® and
subsequently combined using a simple unweighted average scheme to define the parameters
of the HMM for the fold. The number of hidden states N is chosen as the value that optimizes
the classification power of the HM models. We tested values of N between 1 and 20, and
retained the values of 4 as it gave the best results for all four types of sequences. Finally, we
compute the probability of a sequence of observations given a model using the forward
procedure.’?

It should be noted that the models based on the two types of fragment-based structural
sequences and to a lesser extend the models based on secondary structure elements violate the
first order Markovian assumption because each structural element is statistically related to its
neighbouring structural elements in the sequence. The lack of data (about one hundred protein
are available for each fold) did not allow us to build a more complicated model.

4.4.3 Support Vector Machines—Support vector machines (SVM) belong to the class of
supervised learning methods used for classification and regression. They were initially
introduced to solve binary classification problems, in which they attempt to separate the data
represented as two sets of vectors in a feature space by constructing a hyperplane in that space
that maximizes the margin between the two data sets.”®

Let (x;, yi) be a dataset with N examples, where x; is the ith input and label y; is either 1 or —1,
indicating the class to which the point x; belongs. Let ¢(x;) be the high dimensional vector
representing the point x; in its feature space. An hyperplane in this feature space can be written
as f(x) = (w, ¢(x)) + b = 0. If this hyperplane divides the points having y; = 1 from those having
yi = —1, then sign(f(x)) is a classification function for the data. The weight vector w (which is
the normal to the hyperplane) and the bias b are determined by solving an optimization problem
over the training data. A key feature of SVM is that in this optimization problem the feature
vectors @(x) only appear in dot products; the explicit mapping @ from the data space to the
feature space can then be replaced with an implicit mapping through the use of a kernel function
k(x, x*) = {(@(x), ®(x’)) which does not need to be linear.

There are different extensions of the binary SVMs to solve multiclass learning problems. The
three most popular are: pairwise classification (one versus one), one versus all, and a direct
approach based on a multi-class objective functions.”® In our experiments with multiclass SVM
we used the pairwise classification method (one versus one) and the spectrum kernel defined
in equation (4) to classify the proteins in Cath605. In the one versus one classification method,
one trains a binary SVM for each possible pair of classes using examples from those two pairs.
For m classes, this results in ¢:-o» binary SVMs. To classify a test input, all binary classifiers
are evaluated and the input is assigned to the class which has the highest number of votes.

We used the multiclass SVM code and adapted our spectrum kernel in the open source package
Shogun.>8 For comparison, we implemented also the two other popular methods for multiclass
SVM (i.e. the one versus all and the one using the multiclass objective function); the results
were very similar.

4.4.4 Visualizing data using Multi Dimensional Scaling—Multi Dimensional Scaling
(MDS) is a technique used to provide a low dimensional *mapping’ (usually two or three
dimensions) of high-dimensional data points.>1 We apply the standard Metric MDS. Metric
MDS starts with a (nxn) distance matrix D, whose element dj; is the Euclidian distance between
data point i and data point j. Distance geometry is used to convert this distance matrix into the
inner product matrix B, for which element bj; is the inner product of the vectors representing
the data point i and data point j in the Euclidean space. The next step computes the first few
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principal eigenvectors (usually two or three) from the inner product matrix B and then project
all data points on these principal eigenvectors, thereby generating a low dimensional mapping.

The five folds in the CATHG605 dataset are represented as five clusters in the low dimensional
mapping obtained by MDS. If the features defining the mapping capture well the differences
between the folds, these five clusters ought to be well separated. We evaluate this statement
using the Average Intercluster Separation (AIS):

C c

) No.i N.
A= Ne(Ne = 1) ; j=zf+:1d (Ci’ Cj) (13)

where the distance between two clusters Cj and C;j is defined as:

1 .
d(c;. Cj)=m22d(l,j).

iECijGC,' (14)

d(i, j) is the Euclidian distance between the data points i and j in the projected space, and |C;j|
is the size of cluster C;. If two clusters Cj and C; are well separated, all inter distances between
their members are large and the average distance d(C;j, C;) is consequently large. Therefore
larger values for AIS means better cluster configuration.
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Fig. 1. Different 1D sequence representations of a toy protein structure

The native sequence (NS) is simply the primary sequence, or list of the amino acids forming
the protein, from Nter to Cter. The SSE sequence (SSES) defines the secondary structure
element for each residue in the protein, according to STRIDE.”” Three types of SSE are
considered: helices (H), strands or extended conformations (E) and coils (C). The Fragment
sequence (FS) is the sequence of fragments found in the best-fit reconstruction model for the
protein (shown here as a stick model, with different colors for each type of fragments)). The
fragments are drawn from a library of 20 fragments of size 4 residues. They are uniquely
identified with a letter from A to T. Two types of fragment sequences are considered: the local
sequence (LFS), that ensures the best local fit of the fragment, and the global sequence (GFS),
that ensures the best global fit of the structural model to the complete protein structure. Note
that by construction, the fragment-based sequences are shorter than the two other sequences
(the four first residues being defined by the first fragment). Models were drawn using Pymol
(http://www.pymol.org).
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Fig. 2. Representatives of the five fold classes in our test set

The arc repressor mutant, subunit A fold (CATH 1.10.10) isacommon orthogonal helix bundle,
found for example in the DNA-binding domain of the human telomeric protein HTRF1 (CATH
code 1ba500). The immunoglobulin-like fold is a # sandwich, found in many immunoglobulin-
like proteins, such as the rat CD4 protein (CATH code 1cid02). The TIM barrel is a very
common a — f fold, shown in narbonin, a plant seed protein (CATH code 1nar00). The o —
plait fold is a two layer sandwich, shown here in MERP, a mercury binding protein (CATH
code 2hgi00). The Rossmann fold is a very common 3-layer sandwich fold in the mixed o —
p class, found for example in the glycyl-tRNA synthetase from thermus thermophilus (CATH
code 1atiB2). All images were generated using MOLSCRIPT.’8
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Fig.3. Our library of 20 fragments of size 4 residues
Images are generated using Pymol. The fragments have been organized around a tree based on
similarity (cCRMS), computed with the program Phylip.4°
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4. Testing the accuracy of local structural sequences

Histogram of the mean cRMS between all 4 consecutive residue fragments of a protein and
their best local-fit fragments in the library, for all proteins in CATH2225. The average cRMS
over all fragments is 0.22.
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Fig. 5. Best local fits for all 20 structural fragments

Mean quality of the best local-fit for each of the 20 fragments of size 4. The fragments have
been ordered based on similarity (see figure 3), with helical-like fragments on the left, and
extended fragments on the right.
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Fig. 6. Testing the accuracy of global structural sequences

Histogram of global-fit cRMS deviations between the model built from the global structural
sequence and the native structure for all proteins in CATH2225. Structural sequences were
built from a library of 20 fragments of size 4 residues, using a soft greedy approach with a heap
size Nkeep = 4000 (see text for details). The average cRMS is 0.69.
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Fig. 7. Examples of protein structure reconstruction

The global-fit algorithm was used to reconstruct 2a0b00, a fully protein, and 1hce00, a fully
p protein, using a library of 20 fragments of length 4 residues. The native structure is shown
in orange, and the fragment-based structure in cyan.
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Fig. 8. Accuracy of structural sequences versus secondary structure content
The global-fit accuracy of the model reconstructed from the structural sequence of a protein is

plotted against the a-helix content (left), and S-strand content (right) of the protein.
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Fig. 9.
Distribution of fragment usage in the global structural sequences for five distinct folds.
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Fig. 10. 2D representations of the protein sequence feature spaces

Each protein in our dataset is assigned four different 1D sequences: its native sequence (NS),
the sequence of its secondary structure elements (SSES), and the two structural sequences
derived from a structural alphabet of fragments, global (GFS), and local (LFS). These
sequences are mapped onto a feature space indexed on their 1-mer or 2-mer content. Each
protein is assigned a color based on the fold it belongs to: black for 1.10.10 (all « proteins),
red for 2.60.40 (all S proteins), and blue, magenta and green for 3.20.20, 3.30.70 and 3.40.50,
respectively (mixed a — g folds). 2D projections of these spaces were generated using metric
Multi-Dimensional Scaling.?!
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Fig. 11. The relationship between sequence similarity and structure similarity

We use 10,000 pairs of proteins in CATH2225. For each pair of proteins, the L1-distance
between the projections of the native sequence (A) and global structural sequence GF (B) in
the 2-mer feature space is plotted versus the GSAS score between their structures (GSAS is
computed as 100 * cRMS/(N — Ngap), where N is the number of equivalent residues and
Ngap the number of gaps in the alignment.1® No relation is observed for the native sequence
while a linear relationship is observed for GFS, with a correlation coefficient R=0.7.
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Fig. 12. ROC analysis comparing similarity measures in protein sequence feature spaces for remote
homology detection

We compare the ability of STRUCTAL, a protein structure alignment program, FASTA, a
sequence alignment program, and 4 classifiers based on the native sequence, the SSE sequence
and the global and local structural sequences of a protein mapped in the 1-mer feature space
to detect structural similarities in a set of 605 proteins. “True” relationships are defined by
CATH topologies. Curves close to the first diagonal (such as the ROC curve for FASTA)
indicates poor performance, while the upper most curves (such as STRUCTAL) reveal good
performance.
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Table 1
Effect of heap size on Global fit

The average quality of structure reconstruction (given as cRMS) over all proteins in CATH2225 is given for
various heap sizes Nkeep used by the global fit algorithm. We also give the CPU times (in seconds on a Intel
Core2 processor at 2.8 GHz) required for the reconstruction of one protein of 759 residues (1cm5B0) for the
different values of Nkeep.

Nkeep Average cRMS (A) CPU time (s)
10 0.82 0.45
100 0.72 3.9
1000 0.70 21.6
1000 0.70 41.7
4000 0.69 174.1
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Table 2
ROC scores for homology detections based on protein feature spaces

The ROC score is the area below the ROC curves that plots the rate of TP versus the rate of FP for a given
homology detection method. High scores are always better.

Feature space: 1-mer Feature space: 2-mer
Sequence L1 distance Kernel distance L1 distance Kernel distance
Native Sequence 0.61 0.61 0.65 0.60
SSE Sequence 0.84 0.85 0.85 0.84
GLobal Structural Sequence 0.82 0.83 0.80 0.76
Local Structural Sequence 0.83 0.84 0.82 0.79
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Table 3
Classifying protein structures based on a sequence-based feature space

Protein sequences are mapped in a high-dimensional space based on its 1-mer or 2-mer content. Four types of
sequences are considered: the native sequence, the sequence of its secondary structure elements, i and the global
and local fragment-based structural sequences. Proteins are classified based on their shortest distance to a known
fold, where the distance is either the L1 norm, or a kernel based distance. The accuracy is computed as the ratio
of proteins correctly classified over the total number of test proteins.

Feature space: 1-mer Feature space: 2-mer
Sequence L1 distance Kernel distance L1 distance Kernel distance
Native Sequence 46.6+2.4 49.8+2.6 541+27 62.9+24
SSE Sequence 65.8+1.8 65.4+1.9 67.1+138 66.2+2.0
GLobal Structural Sequence 645+1.9 66.2+1.8 702+21 725+25
Local Structural Sequence 69.2+19 69.2+20 743+21 70425
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Table 4

SVM-based classification of protein structures using structural sequences
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Sequence Feature space: 1-mer Feature space: 2-mer
Native Sequence 58.7+1.8 61.4+22
SSE Sequence 742+12 746+12
Global Structural Sequence 755+1.3 80.6+1.7
Local Structural Sequence 76.8+1.6 81.3+17
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