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Abstract Numerous methods for predicting y-turns in
proteins have been developed. However, the results they
generally provided are not very good, with a Matthews
correlation coefficient (MCC) <0.18. Here, an attempt has
been made to develop a method to improve the accuracy of
y-turn prediction. First, we employ the geometric mean
metric as optimal criterion to evaluate the performance of
support vector machine for the highly imbalanced y-turn
dataset. This metric tries to maximize both the sensitivity
and the specificity while keeping them balanced. Second, a
predictor to generate protein shape string by structure
alignment against the protein structure database has been
designed and the predicted shape string is introduced as new
variable for y-turn prediction. Based on this perception, we
have developed a new method for y-turn prediction. After
training and testing the benchmark dataset of 320 non-
homologous protein chains using a fivefold cross-validation
technique, the present method achieves excellent perfor-
mance. The overall prediction accuracy Q. can achieve
92.2% and the MCC is 0.38, which outperform the existing
y-turn prediction methods. Our results indicate that the
protein shape string is useful for predicting protein tight
turns and it is reasonable to use the dihedral angle infor-
mation as a variable for machine learning to predict protein
folding. The dataset used in this work and the software to
generate predicted shape string from structure database can
be obtained from anonymous ftp site ftp://cheminfo.tongji.
edu.cn/GammaTurnPrediction/ freely.
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Introduction

Protein secondary structure is composed of regular ele-
ments, such as a-helices, and f-sheets, and irregular ele-
ments, such as tight turns, bugles, and random coils. A tight
turn has been described as a site where (a) the polypeptide
chain reverses its overall direction, which causes the chain
to fold back on itself and (b) the number of amino acids
directly involved in forming the turn is no more than six.
According to the number of residues involved in forming
the turns, tight turns can be categorized as d-turns, y-turns,
p-turns, a-turns and 7-turns (Chou 2000). They play a vital
role in folding compact globular structures and molecular
recognition because they usually occur on the exposed
surface of proteins (Rose et al. 1985) and defining template
structures used for the design of new molecules such as
drugs, pesticides and antigens.

The y-turn is the second most characterized and com-
monly found tight turn after the f-turn, which involves
three amino acid residues and a hydrogen bond between the
backbone CO; and the backbone NH;, ). There are two
types of y-turns: inverse and classic (Bystrov et al. 1969).
On average, y-turns account for 3.4% of total amino acid
contents of protein structures (Guruprasad and Rajkumar
2000). The problems of y-turn prediction can be divided
into two categories; prediction of y-turn types (Chou
1997a; Chou and Blinn 1997; Jahandideh et al. 2007) and
prediction of y-turn/non- y-turn (Guruprasad et al. 2003;
Kaur and Raghava 2002; Pham et al. 2005). In the past,
methods have been developed for the prediction of y-turns
based on the statistical model and machine learning
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technique (Alkorta et al. 1996; Kaur and Raghava 2002;
Guruprasad et al. 2003). The statistical methods include the
sequence coupled model and the GOR model (Chou 1997a,
b; Chou and Blinn 1997; Garnier et al. 1978; Gibrat et al.
1987). The machine-learning techniques include the neural
network (Zell and Mamier 1997; Wrtten and Frank 1999),
SNNS, using multiple sequence alignment as input instead
of single amino acid sequence (Kaur and Raghava 2003)
and GTSVM, which employs SVM to predict y-turns and
yields a good performance (Pham et al. 2005). All of these
methods greatly outperformed statistical approaches.
However, the prediction performance is still restricted in
comparison to predictors of other tight turns due to the
complexity of the problem and the imbalanced nature of
the data. The fact is that y-turn consists of three residues
and thus is more flexible than other tight turns. Moreover,
the present dataset has a ratio of ~30:1 of non-y-turn and
y-turn residues.

In this work, we introduce a modified optimal criterion
for SVM to overcome the challenge of the imbalanced
problem in the training data and design a predictor of shape
string based on structure alignment. The predicted shape
string is considered a new variable for input to SVM for
y-turn prediction and the results show that these innova-
tions significantly improve the performance of y-turn pre-
diction. The MCC is 0.38 and the overall prediction
accuracy achieves 92.2% for 320 non-homologous protein
chains in fivefold cross-validation.

Materials and methods
Dataset

The benchmark dataset of 320 non-homologous protein
chains first described by Guruprasad and Rajkumar (2000)
was chosen to train and test our method. The structure of
each protein chain in this dataset is determined by X-ray
crystallography at better than 2.0 A resolution, and no two
protein chains share more than 25% sequence identity. All
observed y-turns are identified by the PROMOTIF program
(Hutchinson and Thornton 1996). Each chain contains at
least one y-turn.

Method

The flowchart of the present method for y-turn prediction is
shown in Fig. 1.

A given protein sequence is represented by the position-
specific scoring matrices (PSSMs), predicted secondary
structure (PSS) and shape strings. PSSMs, which reflect the
evolutionary information between a given protein and its
remote homologs, are generated using the PSI-BLAST
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Fig. 1 Architecture of the present y-turn prediction system. The
major difference between this and previous approaches is addition of
the shape string variable. Our experiments confirm that shape string
plays a vital role in y-turn prediction

program (Altschul et al. 1997) and these profiles are scaled
to a range of 0—1 using the standard logistic function. The
predicted secondary structure of a given protein generated
by PSIPRED (Jones 1999) is encoded as follows:
helix—(1,0,0), strand—(0,1,0), coil—(0,0,1). Shape strings
for a given protein are generated by a predictor that we
designed and they are represented by nine characters (for
detail see next section). Each protein is subsequently sliced
into fragments of seven amino acids with sliding window.
These 7*#(20 + 9 + 3) elements are constituted as feature
vectors of SVM for training and predicting. The output of
SVM is filtered using “state-flipping” rule (Shepherd et al.
1999) and we can obtain the final predicted results.

Structure database preparation

Before considering shape string, we constructed a structure
database (SD) containing protein sequences and their shape
strings. SD o0 is a non-redundant (nr) Protein Data Bank
(PDB) database of 46860 entries, which are used as the
nr-PDB database of the Basic Local Alignment Search
Tool (BLAST) web server and can be downloaded from
ftp://ftp.ncbi.nlm.nih.gov/blast/db (accessed September of
2010), after removing the 320 non-homologous protein
chains. Three other SD databases at different non-redun-
dant levels, culling SD 149 at 30% (SD 3(), 60% (SD ¢p),
90% (SD o) sequence identity by using CD-HIT (Li and
Godzik 2006) are generated for comparison. For each entry
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Query sequence

PSI-Blast searches the target sequence’s
homologous sequences in the structure database

Assign the shape strings of identified sequences
to the target sequence according to e-value

A 4

Output the predicted shape string

Fig. 2 Outline of the predicted shape string generation procedure

in SD, its shape strings are obtained from the web server
(Hovmoller and Zhou 2004) and stored correspondingly.

Shape string

Recently, new prediction approaches have been proposed
based on structure alignment and they significantly pro-
mote the accuracy of predictors for protein secondary
structure (DiFrancesco et al. 1996; Montgomerie et al.
2006). Dihedral angle of a protein backbone is also a
characteristic of its secondary structure and is usually
described by ®/Y pair in the Ramachandran plot (Hov-
moller et al. 2002) and yet can be expressed as shape string
(Ison et al. 2005). There are eight characters (S, R, U, V, K,
A, T and G), which are used to record shape strings. Shape

string is only an expression of protein secondary structure
but since it contains clustering information, we believe
shape string will play an important role in the prediction of
protein structure and function, especially for tight turns.
Shape string has previously been used in the prediction of
protein secondary structure (Zhou et al. 2010). For a pro-
tein of known structure, its shape strings can be calculated
according to three-dimensional structures determined
experimentally. For a protein of unknown structure, the key
is to obtain its shape strings accurately. One can predict the
shape string based on the available information. Here, we
have designed a shape string predictor based on structure
alignment (Fig. 2).

For a query or target sequence, the PSI-BLAST program
is run on the SD database to find its homologous sequences.
The identified sequences whose e-values are below a given
threshold, for example 107> are next identified and ranked
according to e-value in ascending order. The ranked
sequences are then judged individually. When the top
aligned sequence has a portion matching to the target
sequence, the shape strings corresponding to this portion are
assigned as the target’s shape strings. Only those positions of
the target sequence which have not been matched are left to
judge the next aligned sequence (Fig. 3).

This assignment is repeated until all the aligned
sequences are judged. If a query sequence has more regions
homologous to the existing sequences in SD, the shape
string of the target will be predicted more accurately. There
are some empty positions of the query sequence where are
never matched and have no shape string information. For
an empty position, it is expressed as ‘X’, then shape string
is represented by nine characters (S, R, U, V, K, A, T, G
and X). In this study, nine characters are encoded by using
the unary encoding scheme in which each of the characters
is represented by a single one (which varies in position
depending on the type) and eight zeros (S = 1000000,
R = 0100, (X = 00001).

.. KOQIGNAM....NKFFLLGKN....VSLDYLEKDR......

..AS---AK...KS----—- RT...AAAAAAAAAK.....
..RSSGKRR.....AAAK-KSRS....ARA-——————.....
..RSSGKSS..... KU-—=—- RT...AA-———————.....

Query sequence: MKKVLITGEF....KQIGNAM....
Blasted result:

ID e-value MKKVLITGF
11084 6e-064 --SSSSRSS..
2DF5A 2e-062 --SSSSSSS
3LACA 9e-048 -RSSSSSSR

predicted shape strings XRSSSSRSS

..ASSGKAK.....KSAKXKSRT....AAAAAAAAAK......

Fig. 3 Detail illustrating how the shape string is generated by our
predictor. The Blast result contains the identity of homologous
sequences, the corresponding e-value, and the actual sequences. We
show the corresponding shape string. Bold letters denote the shape
strings assigned to the target sequence and they are merged to produce

the final continuous result. Empty positions are denoted by X in bold
font in the final result. A hyphen (-) means that there is no sequence
homologous to the query sequence at this position. An ellipsis (...)
denotes parts of the protein not shown in the figure
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PSSMs and PSS

With the multiple alignments, we use the position-specific
scoring matrices (Guruprasad et al. 2003; Kaur and
Raghava 2003; Pham et al. 2005; Zhang et al. 2005) gen-
erated by the PSI-BLAST program searching against the
large non-redundant database. These profiles are scaled to
0-1 using the standard logistic function:

£ 1

=TT exp(—) M

where x is the raw profile matrices value. The predicted
secondary structure from PSIPRED (Jones 1999) is also
used.

Imbalanced problem

Using accuracy to evaluate the classifier on highly imbal-
anced datasets is not as good as it is on balanced datasets
because the classifier will label all samples as the majority
class to achieve the high predictive accuracy and fail on the
minority class (Barandela et al. 2003). The geometric mean
is a good indicator of the classifier performance in this
condition because it is independent of the distribution of
examples between positive and negative classes, and as
Kubat et al. (1997) suggested, the geometric mean (G-mean)
metric is defined as:

¢ = Vara 2)

where a* is the accuracy on the positive examples and a’
denotes the accuracy on the negative examples. This
measure tries to maximize the accuracy of both classes
while keeping the two accuracies balanced. Several
researchers have used this metric for evaluating classifiers
on imbalanced datasets (Kubat and Matwin 1997; Robert
et al. 1997; Wu and Chang 2003; Anand et al. 2010). We
also utilize this metric to evaluate SVM classifier for the
high imbalanced y-turn dataset and modify the evaluation
criterion of LibSVM (Chang and Lin 2001) using the
G-mean metric in this study.

Training and testing

We employ fivefold cross-validation to evaluate the
performance of the present method. The 320 protein
chains are randomly divided into five subsets, each
containing approximately equal number of proteins as
previously described (Zhang et al. 2005). The sliding
window technique with seven residues is selected to get
the best result and is applied to every protein in each
subset. Each subset is an imbalanced set that remains the
naturally occurring proportion of y-turns and non-y-turns.
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The method has been trained on four subsets, and the
performance is measured by the remaining fifth set. This
process is repeated five times so that each set is tested
and an average accuracy is computed. The support vector
machine (SVM), which is a popular algorithm from the
machine learning community and has been widely
applied in biology (Cai et al. 2002; Chou and Cai 2002)
is chosen. The radial basis function is employed as
kernel function of LibSVM (Chang and Lin 2001) and the
weight factor is set to 30 according to a non-y-turn/y-turn
ratio of ~30:1.

Filtering

The prediction is performed separately for each residue and
without reference to the prediction status of neighboring
residues. Predictions include several unusually short
y-turns of one or two residues. To ensure that y-turn is at
least three residues long, we have added a simple filtering
step known as the “state-flipping” rule as first described by
Shepherd et al. (1999).

Performance measures

We adopt four criteria described by Shepherd et al. (1999)
to evaluate the prediction performance of predictive
method in accordance with previous papers on y-turn pre-
diction. (1) Qo (prediction accuracy); the percentage of
correctly predicted residues. (2) MCC; which accounts for
both over- and under-prediction. (3) Qpredictea; the per-
centage of correct prediction of y-turn residues (or proba-
bility of correct prediction). (4) Qgpserved; the percentage of
observed y-turn residues that are correctly predicted (or
percent coverage). These parameters can be calculated by
the following equations:

Quoat = (p f”) x 100 (3)

pn — ou

Vp+0)p+u)(n+o)(n+u)

Qpredicted = <P%> x 100 (5)
Oopserved = | —2—) x 100 6)
observe + u

where p (number of correctly classified y-turn residues),
n (number of correctly classified non-y-turn residues),
o (number of non-y-turn residues incorrectly classified as
y-turn residues), and u (number of y-turn residues incorrectly
classified as non-y-turn residues). r = p + n + o + u is the
total number of residues.

MCC =
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Results
Prediction results using shape string variable

Results for the y-turn/non-y-turn prediction from the pres-
ent method using shape string variable as input for training
and testing are shown in Table 1. SSD stands for the shape
strings generated by our predictor from structure database.
For example, SSD s is the shape strings generated by our
predictor searching against SD 33. SSD 9, SSD oy and
SSD gp are obtained similarly. SSD .., denotes the real
shape strings obtained from the web server (Hovmoller and
Zhou 2004).

It is observed that shape string is an extraordinary useful
variable for y-turn prediction and we can obtain a satis-
factory prediction result. The MCC is over 0.30 and the
Ororal €xceeds 90% under different conditions. It is also
evident that the shape string generated from different
structure databases has a considerable effect on the result.
This is because the sequence identity cut-off is at a higher
level, that is, more homologous sequence fragments
existing in the structure database, and a greater portion of
the queried sequence can be matched by the sequences in
the structure database; then the predicted shape string
generated by our predictor are closer to the real. We can
see that if we use real shape string as input we can obtain
much better results. The MCC can achieve 0.58 and the
Orota1 18 96.0%. We can also see that shape string prediction
accuracy increases with more homologous sequences
existing in the structure database (Fig. 4). This indicates
that the accuracy of shape string prediction affects the
performance of y-turn predictor directly.

Prediction results using different variables

We make many combinations of the available variables to
test the joint effect and the prediction results are shown in
Table 2.

We can see that the performance of our method is
improved by the adding shape string variable. The pre-
diction accuracy of shape string generated by our shape
string predictor using SD 3¢ is 79.8% (Fig. 4) whereas the

Table 1 Prediction results using shape string generated from differ-
ent structure database as input

SSD Orotal Opredicted QOobserved MCC
SSD 5, 91.5 225 515 0.30
SSD 4 91.5 22.8 59.2 0.33
SSD oo 92.1 24.7 61.3 0.35
SSD 100 922 25.3 63.0 0.37
SSD rear 96.0 44.6 79.0 0.58

08 4
08 4
07 4
06 -
05
il
034

0.2

shape string prediction accuracy

01 <

0.0 T T T T T
20 30 40 50 60 70 80 90 100

SD sequence identity cut-off (%)

Fig. 4 Prediction accuracy for shape string generated by our
predictor searching against structure database for different sequence
identity cut-offs

Table 2 Prediction results using different variables as input

Variables Owtat  Opredicted  Qobservea  MCC
PSSMs 60.5 5.6 70.0 0.11
PSSMs + PSS 53.4 54 79.4 0.11
PSSMs + PSS + SSD 5 78.6  10.9 76.4 0.23
PSSMs + PSS + SSD ¢ 86.0 15.5 72.9 0.29
PSSMs 4 PSS 4 SSD g 89.1 19.3 71.0 0.33
PSSMs + PSS 4 SSD 100 92.2 254 67.0 0.38
PSSMs + PSS + SSD e 977  69.3 76.3 0.67

QOiota1 and MCC can reach 78.6% and 0.23, which improves
25.2% and 0.12 with and without shape string, respectively.
It is also evident that the performance improves with more
accurate shape string. The Q1 and MCC reach 92.2% and
0.38 when using PSSMs, PSS, and shape strings generated
using SD ¢, respectively. This is the best result obtained
by our method. We also notice that the Qgpserveq 1S lower
when adding shape string, whereas the Qprediciea 18 higher,
which demonstrates that many of the predicted y-turns are
true y-turns.

Performance comparison with other competing
methods

Table 3 shows the comparison between the present method
and other popular y-turn prediction methods. SNNS, based
on neural networks, is generally considered the most reli-
able and accurate y-turn prediction method. It can be seen
that the MCC is appreciably higher for the present method
(0.38) than for SNNS (0.17). The MCC is a robust and
balanced performance measure that takes into account both
the overpredictions and underpredictions. The accuracy of
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Table 3 Performance comparison of the present method and other
methods

Methods Qwotal Opredicted  Qobserved  MCC
Our approach 92.2 254 67.0 0.38
Hu X et al.’s SVM 61.0 6.8 914 0.18
SNNS 74.0 6.3 83.2 0.17
GTSVM 67.4 6.3 64.7 0.12
WEKA-logistic regression  62.6 5.6 65.1 0.12
WAKE-naive Bayes 57.4 5.0 65.4 0.11
GOR 75.5 6.1 45.5 0.09
Sequence coupled model 57.8 59 43.2 0.08
WAKE-J48 classifier 92.6 5.0 7.2 0.03

The results of sequence couple model, GOR, WAKE, SNNS are
obtained from (Kaur and Raghava 2003), the results of GTSVM are
obtained from (Pham et al. 2005) and Hu X et al.’s SVM is from (Hu
and L1 2008)

Orwotat a0d Opredicted 15 18.2 and 19.1% higher than the
SNNS, respectively. Although the Qgpservea 1S lower than
SNNS and Hu X et al.’s SVM, their Qprediciea are very low.
This indicates that many fragments of the predicted y-turns
are false positive.

Discussion

Shape string as new variable was introduced for y-turn
prediction and the excellent performance of the present
method demonstrates that it is highly suitable for y-turn
prediction. As described by Hovmoller et al. (2002), the
shape string may be useful for protein-folding prediction.
We can see that the y-turn belongs to the turn region in the
Ramachandran plots (see Fig. 1 in Ison et al. 2005) and
shape string reflects the clustering information, which may
be the main reason why shape string plays an important
role on the y-turn prediction.

Our predictor is simple but efficient. It combines the
shape strings of homologous sequence fragments matched
to the queried sequence as the predicted shape strings, but
it uses the available information in the existing database
and the structure information at the same time. With the
increasing number of proteins in PDB, the shape string
produced by our predictor will be closer to the real shape
string, and the result will be more accurate approaching the
result with addition of the real shape string as input
(Table 2). We believe that many other algorithms will be
developed to improve the prediction accuracy of shape
string, and further develop the y-turn prediction work in the
future.

Meanwhile, we understand shape string is only one kind
of the secondary structures. It is verified by many
researchers that accurate secondary structure prediction can
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greatly improve the accuracy of the y-turn prediction.
Protein structure alignment algorithms have already been
proposed (Wang et al. 2010) and this method has also been
employed in protein secondary structure prediction and
achieved much better result (Montgomerie et al. 2006).
Both accurate secondary structure and shape string
achieved by structure alignment are used as variables, will
give a more accurate results of tight turn prediction.

Conclusion

In this paper, we present a novel method of y-turn pre-
diction. We make two innovations, using G-mean metric as
optimal criterion for SVM on the imbalanced y-turn dataset
and introducing the new variable shape string. The
obtained results denote that these innovations are suitable.
The mainly reason for the good performance of the present
method is the shape string, which is predicted based on
structure alignment and reflects the clustering information.

Generally, progress in research into prediction of y-turn
comprises several stages. In the first stage, amino acid
composition concomitant with different algorithms were
proposed and played a main role. Then, PSSMs and pre-
dicted secondary structure were subsequently introduced
into modeling and more powerful algorithms such as SVM
were launched. A new stage is now emerging that involves
structure alignment methods. More useful algorithms will
be proposed to fill the gap between abundant and accurate
protein structure data and the relatively low accuracy of
y-turn prediction.
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