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Abstract. Structural studies of proteins for motif mining and other pattern  
recognition techniques require the abstraction of the structure into simpler ele-
ments for robust matching. In this study, we propose the use of bond-
orientational order parameters, a well-established metric usually employed to 
compare atom packing in crystals and liquids. Creating a vector of orientational 
order parameters of residue centers in a sliding window fashion provides us 
with a descriptor of local structure and connectivity around each residue that is 
easy to calculate and compare. To test whether this representation is feasible 
and applicable to protein structures, we tried to predict the secondary structure 
of protein segments from those descriptors, resulting in 0.99 AUC (area under 
the ROC curve). Clustering those descriptors to 6 clusters also yield 0.93 AUC, 
showing that these descriptors can be used to capture and distinguish local 
structural information. 

Keywords: bond-orientational order, secondary structure, machine learning, 
structural alphabet. 

1 Introduction 

In analysis protein structures, different models of representations on various levels of 
structural details are used. From coarse-grained to all-atom models, simplified lattice 
to continuous representations, each model can be used in different areas of research.  

The need for abstraction in computational methods (such as structure search and 
comparison, fold matching, structural motif mining and other areas of pattern recogni-
tion) is especially high. The very high amount of data and precision in the 3D coordi-
nates makes computational analysis very complex and very rigid in its applicability. 
Simplified models capture relevant information and hide unimportant details through 
abstraction, conferring the ability to group complex 3D information into manageable 
clusters that can be searched for, compared and “learned” by machine-learning algo-
rithms in a flexible fashion. 

The most common simplified representation of the protein states are the secondary 
structural assignments to the coordinates, which can be overlaid onto the sequence to 
create a 1D representation.  

There have been other studies with aims to create local structural alphabets to 
represent the structure as a 1D sequence of structural blocks [1]. A structural alphabet 
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is defined as a set of small prototypes that can approximate each part of the backbone. 
Creating such an alphabet requires the identification of a set of recurrent blocks that 
can identify all possible backbone conformations. A commonly used structural alpha-
bet is PB [2], which uses the dihedral angles of the backbone structure in a sliding 
window to match the segment to one of 16 pre-defined blocks. 

Another common approach for structure abstraction is to convert the protein struc-
ture into a graph from distance or contact maps. In this representation, each residue is 
coarse-grained into one center node that is connected to other nodes on the graph on 
the basis of distance (or other criteria). This allows each aminoacid to be represented 
with its contacts and the topology of the network around it. Representing the structure 
as a graph allows for sub-graph matching to find reoccurring common motifs in a data 
set [3], use of elastic network models for normal mode analysis [4] and other algo-
rithms that can employ the graph theoretical properties.  

The problem with different representation schemas is the amount of information 
lost to the abstraction. In case of secondary structure, representing the structure with 
two states (α-helix and β-sheet) causes the diversity of helices and sheets to be lost, as 
α-helices are frequently curved (58%) or kinked (17%) [5]. Use of local structural 
alphabets can capture this information; however as the name implies, the non-local 
neighbor information of the protein structure is missing. Graph based methods can 
capture both local and global information from the graph topology. However, since 
the 3D coordinates of the contacts are reduced to only edge weights, direction and the 
topology of the structure around each residue is lost. 

To approximate both the local structural information with a relatively high degree 
of certainty and the non-backbone neighbor information and directionality of the con-
tacts with a single model, we propose the use of bond-orientational order parameters. 
Bond-orientational order is a well-established metric that is used in analysis and com-
parison of the crystal structures packing of atoms [6]. Due to the use of spherical 
harmonics, they can capture the directional information around each residue, and 
since they are invariant of the rotations of the reference frame, matching two struc-
tures require only the comparison of numbers, instead of the more computationally 
costly and problem-prone structural alignment methods. 

As a first step, we wanted to test whether the number and placement (angle and 
distance) of neighboring atoms around each residue show a repeating pattern in aver-
age protein structures. If there is such a pattern, we can use the protein descriptors to 
approximate the local structure around a center point. To test the feasibility of 
representing the protein structure with such orientational order descriptors, we tried to 
use those descriptors to capture and differentiate the secondary structural elements 
from each other. Recognizing and assigning secondary structures to atomic coordi-
nates is a complex task [7] and require the ability to recognize both the local structure 
(for helices) and contact information (between β strands). If orientational order de-
scriptors can predict secondary structural elements, it shows that they capture the 
necessary information and can be evaluated further for more complex motif discovery 
purposes. 
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2 Methods 

2.1 Bond-Orientational Order 

The bond-orientational order parameter is previously described by Steinhardt et al. [6] 
in the study of packed spheres. It has also been employed in the analysis of protein 
structures by means of local connectivity around each residue [8]. The bond-
orientational order parameters are given as:  
                             ∑ ,  (1) 

                             ∑ | | ⁄
 (2) 

                            ∑ , , ,  (3) 

 
where  is the bond orientational parameter.  denotes the position vector of the nth  
residue.   is the bond vector from residue i  to n, and θ, ϕ are the polar an-
gles of this bond, measured with respect to an arbitrary reference frame.              ,   are Laplace’s spherical harmonic functions [9] for the 
given angles.  is the total number of contacts of i that are below a given cutoff 
distance. The coefficients shown as a matrix in Equation 3 are the Wigner-3-j sym-
bols [10]. 

While the spherical harmonics of the bonds for a given l can change drastically by 
rotating the coordinate system, combining the Qlm values into a quadratic invariant Ql 
(Equation 2) and third-order invariant Wl (Equation 3) will result in a rotationally 
invariant parameter. These order parameters are invariant under reorientations of the 
external coordinate system. For l=2n, spherical harmonics are also invariant under 
inversion and therefore independent of reference frame.  

In research of the crystal packing, most commonly used parameter is the Q6  
[6, 11, 12] as l=6 is the smallest value of l that can capture both cubic (simple, face 
centered, and body centered) and icosahedral orders (whereas Q4 will miss icosahe-
dral and Q2 will miss both) [8]. 

2.2 Dataset 

For experimentation, a total of 120 protein structures were collected from the Protein 
Data Bank [13]. Protein structures belonging to different SCOP [14] classes and folds 
were selected for more even representation of different folds in the dataset. On top of 
those, the benchmark set of non-homologous (<30% sequence identity) PDB proteins 
of Zhang et al. [15] were also added to the final dataset. 
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For each residue, Ql (Equation 2) and Wl (Equation 3) values are calculated from 
the contacts of that residue, where contact is defined as residues with distance be-
tween the Cα atoms that is less than a predefined cutoff threshold. During the calcula-
tion, different cutoff distances and l values were tried. Resulting Ql and Wl values 
were merged in a feature vector by using sliding window on the backbone.  

The secondary structure of each protein was calculated using STRIDE [16]. The 
secondary structure values of the windows were assigned as a class value on the basis 
of occurring in the majority of the segment (>60%) in a continuous fashion in the 
sliding window. The transition regions between different secondary structures that 
contain two or more different secondary structure classes in the protein segment were 
removed from the dataset since there is no clear secondary structure to be used in 
learning and prediction. After those removals, extracting the features from the 120 
proteins (using a window size of 5) results in 15273 rows (protein segments) in the 
final dataset. 

2.3 Secondary Structure Prediction 

Secondary structures assigned to protein segments by STRIDE [16] are represented in 
a 3-class and 7-class fashion. The 7 classes are α helix, 310 helix, π helix, β-sheet, coil, 
turn and bridge. Those 7 classes were simplified to 3 classes as “Helix”, “Sheet” and 
“Loop”. The final dataset was created using both 3-class and 7-class representations. 
However, in the resulting dataset the classes bridge, 310 helix and π helix had only few 
copies, as either they are uncommon or are rarely found consecutively. Also, STRIDE 
is believed to underpredict π helices [17], possibly lowering their count even further. 
Due to very low sample size, 310 helix and π helix classes were merged with the alpha 
helix class, and bridge regions were removed completely, resulting in a 4-class (helix, 
sheet, coil, turn) data. 

In the feature vector, Ql values always result in a value between 0 and 1, while Wl 
values can take arbitrary values. To overcome this, Wl values were normalized to the 
[0-1] range before the prediction. 

Using the calculated Ql and normalized Wl values from the sliding windows as the 
feature vector, and assigned secondary structure as the class value (for both 3-class 
and 4-class), a classification was performed using the SVM implementation libsvm 
[18] inside the Orange data mining software [19].  

Optimization of the window size, l-values and the cutoff distance was carried out 
on a smaller independent set consisting of 15 proteins. The optimal results were ob-
tained using a cutoff of 7 Å in conjunction with l=2 to 10, with a window size of 5. 

Training and prediction was done on separate datasets, created from independent 
proteins (i.e. no protein segment was predicted with a classifier that was trained with 
a segment belonging to the same protein). The data was split in a 50-50% fashion  
(of the PDBs) to create the training and the testing sets. 



192 C. Meydan and O. Ugur Sezerman 

3 Results 

3.1 Prediction Results 

The accuracy and the AUC (area under the receiver-operating-characteristic curve) of 
the predictions of the test set are given in Table 1. Accuracy of the prediction is 
92.3% and the AUC is 0.993. AUC gives the probability that a randomly selected 
positive instance will score higher than a random negative instance, and is a more 
robust performance measure than accuracy itself [20].  

Looking at the confidence table, helices (sensitivity of 0.99) can be represented ex-
ceptionally well by the bond-orientational order parameters, followed by sheet struc-
tures (sensitivity of 0.91). In 4-class representation, coils and turns have lower sensi-
tivity (respectively 0.71 and 0.75). However, as can be expected, they are more likely 
to be mistaken as each other than a sheet or helix. In 3-class representation, assigning 
the class value of “loop-region” to coils and turns will result in a significantly higher 
sensitivity of 0.87. 

 

Table 1. Area under the ROC curve, accuracy and confusion matrix of the test set predictions. 
In the confusion matrix, number of predicted instances and ratio of the correct predictions are 
given.The last row (C+T) represents Coil and Turns being classified as Loop-region in the 3-
class prediction. 

 

 AUC Accuracy 

 0.993 92.3% 

Predicted 

Helix Sheet Coil Turn Sensitivity 

A
ct

ua
l 

Helix 
3768 

(98.9%) 
12 

(0.3%) 
0 

(0.0%) 
26 

(0.7%) 
0.990 

Sheet 
3 

(0.2%) 
1199 

(90.70%) 
12 

(0.9%) 
105 

(7.9%) 
0.907 

Coil 
3 

(0.7%) 
27 

(6.1%) 
316 

(71.0%) 
99 

(22.2%) 
0.710 

Turn 
71 

(10.1%) 
43 

(6.1%) 
48 

(6.9%) 
527 

(75.3%) 
0.753 

C+T 
74 

(6.5%) 
70 

(6.1%) 
990 

(87.3%) 
0.873 
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Fig. 1. Distribution of the class values with respect to different features in 2D linear projection. 
ResX_Y represents the feature Y of the residue X (out of 5) in the proteing segment. 

3.2 Feature Analysis and Clustering 

Due to the very high accuracy and AUC values, we investigated whether the high 
accuracy was because of the high predictive performance of SVM due to the use of 
non-linear kernels, or whether the accuracy could be replicated with a simple, human-
understandable method.  

We first investigated the effects of different Ql and Wl features for each residue in 
the segment to the corresponding secondary structure. To see the importance of each 
feature and a visual representation of their relationship with samples, we created a 2D 
linear projection [21] of the data using 6 features, selected by running the VizRank 
heuristic [22] for 2000 generations on the training set. The rotation of the axes and the 
final projection was optimized using the FreeViz algorithm [23] to optimize  
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separation of data points. The result is given in Figure 1. From the perspective of the 
Q3 and W3 parameters, sheets and coils form the opposing ends of the spectrum. 
Notice that the classes show a non-perfect but distinct separation even on a linear 
projection. 

To further investigate the quantitative importance of each feature to the prediction, 
we looked at the information gain and the linear SVM weight of the features. The 
features that have the highest information gain are the Q3 and Q4 values for the middle 
3 residues of the window of 5 aminoacids. When ranked by their SVM weights, Q9 
values of the middle 3 residues were also selected as well as the Q4 values. Not sur-
prisingly, the center portion of the window was ranked higher than the boundary por-
tions. No Wl values were selected as informative. We can conclude that Q3, Q4 and Q9 
are the most important features for classification, since they were all selected at least 
3 times for that center portion without exception.  

Using the top 6 features from the SVM weights (Q4 and Q9 for the 3 center resi-
dues of each window), we performed unsupervised k-means clustering on the dataset. 
The distance between each row was calculated as the distance between their vectors. 
Euclidean, Manhattan, Hamming distances and Pearson and Spearman correlation 
values were tried during the clustering. The optimal distance measure was found to be 
the Manhattan distance. Results for clustering with k=6 in k-means algorithm are 
given in Figure 2 and Table 2. Figure 2 shows the frequency of the secondary struc-
tural elements in the resulting clusters, and Table 2 gives the clustering accuracy and 
relative assignments of each class to each cluster.  

As we can see, even after discretizing the feature vectors to only 6 clusters with an 
unsupervised method, the clustering has 84.6% accuracy and 0.932 AUC. The clusters 
show relatively high sensitivity. That is, clusters 1,2 and 3 can represent helix struc-
tures with high certainty, cluster 4 is mostly sheet structures and the cluster 5, 6 is 
commonly loop regions, with most of the errors are due to misclassifying “Turns” as 
“Coils” and vice versa. 

4 Discussion 

In our study, we tested the feasibility of using bond-orientational order parameters as 
descriptors of protein structure in predicting secondary structure from the coordinates 
Cα atoms. This resulted in 92.3% accuracy and 0.993 AUC. The helices can be pre-
dicted at ~99% sensitivity. Since helices are formed by local interactions that are  
established within the close vicinity of each amino acid, we can conclude that this 
structure can easily be captured by the orientational order parameters.  

While helices can be predicted quite easily using backbone dihedral angles, this is 
not the case for sheet structures due to non-local, long range interactions. We show 
that orientational order parameters can capture the representation of β-sheets equally 
well (91% sensitivity) since strands stand parallel to each other to form the sheets. 
There is less information coming from the sequentially adjacent residues forming the 
sheet in comparison to helices (which makes it difficult to predict them in secondary 
structure prediction algorithms) but the orientational order descriptors can still capture  
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Table 2. Relative assigment of each class to the clusters. Cluster representations show which 
class is more likely to be in that cluster. 

# Helix # Sheet # Turn # Coil Representation 

Cluster 1 98.3% 1.1% 0.5% 0.2% Helix 

Cluster 2 90.4% 4.1% 3.8% 1.7% Helix 

Cluster 3 90.1% 5.1% 3.1% 1.7% Helix 

Cluster 4 19.7% 68.9% 8.1% 3.3% Sheet 

Cluster 5 5.8% 20.9% 47.3% 26.0% Loop region ~ Turn 

Cluster 6 0.0% 0.7% 35.9% 63.4% Loop region ~ Coil 

Clustering 
Accuracy 

84.6% 

AUC 0.932 

 

 
Fig. 2. The number of elements in each cluster by their secondary structural elements 

the necessary local and neighbor information. Addition of orientational order parame-
ters with higher cutoff distance values may help in this regard. 

Turns and coils are more difficult to predict in comparison to helices and sheets, 
(75% and 71% sensitivity respectively). This is expected as they are short, can be  
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found in different local environments (i.e. buried in the core or exposed to water) and 
lack a rigid structure. Turns are easier to predict than random coils since they are 
more structured and may have conserved hydrogen bonds between the backbone resi-
dues. Some coil structures can be mistakenly classified as turns (22.2%) but the rate 
of misclassification of turns as coils is not as high (6.9%). 

While the continuous features are shown to be enough to capture secondary struc-
ture, we also investigated the applicability of comparing two orientational order fea-
ture vectors to evaluate structural similarity (i.e. whether a vector can be assigned to a 
class based on just a distance value and not by a complex rule learned by the SVM). 
By using an unsupervised clustering method with a simple Manhattan distance metric, 
we have obtained 6 clusters that correctly predict the secondary structure with 84.6% 
accuracy and 0.932 AUC, showing that similar structures definitely have similar vec-
tor characteristics, which is very important for use in structural alphabets. We can also 
see this effect in Figure 1; the classes have distinctive characteristics in their features 
that can be recognized even on a linear projection with few features. 

We also looked at the relative importance of each feature in the descriptor vector. 
Q3, Q4 and Q9 seem to be the most important features in prediction of the secondary 
structure elements, but a more through experimentation is needed. 

We conclude that there is very strong potential application of orientational order 
parameters, especially in establishment of a new structural alphabet that takes local 
backbone structure as well as contact information from the neighboring regions into 
account. Such an alphabet can be exploited to identify structural motifs in a protein 
family that cannot be captured with other methods. 
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