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Abstract. More and more proteins have been observed to display functions
through intrinsic disorder. Such structurally flexible regions are shown to play
important roles in biological processes and are estimated to be abundant in
eukaryotic proteomes. Previous studies largely use evolutionary information
and combinations of physicochemical properties of amino acids to detect
disordered regions from primary sequences. In our recent work DisPSSMP, it is
demonstrated that the accuracy of protein disorder prediction is greatly
improved if the disorder propensity of amino acids is considered when
generating the condensed PSSM features. This work aims to investigate how
the information of secondary structure can be incorporated in DisPSSMP to
enhance the predicting power. We propose a new representation of secondary
structure information and compare it with three naive representations that have
been discussed or employed in some related works. The experimental results
reveal that the refined information from secondary structure prediction is of
benefit to this problem.

Key words: protein disorder prediction; secondary structure; Radial Basis
Function Network

1 Introduction

Intrinsically disordered proteins or protein regions exhibit unstable and changeable
three dimensional structures under physiological conditions [1, 2, 3]. Although
lacking fixed structures, many unfolded disordered proteins or partial protein regions
have been identified to participate in many biological processes and carry out
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important biological functions [2, 4]. Also, it has been observed that the absence of a
rigid structure allows disordered binding regions to interact with several different
targets [5, 6]. Therefore, the automated prediction of disordered regions is a necessary
preliminary procedure in high-throughput methods for understanding protein function.

Many studies have demonstrated that the disordered regions can be detected by
examining the amino acid sequences [6, 7, 8, 9]. Disordered regions are distinguished
from ordered regions by its low sequence complexity [10], amino acid compositional
bias [7], high evolutionary tendencies [11], or high flexibility [12]. In our recent work
DisPSSMP, we investigated the predicting power of a condensed position specific
scoring matrix with respect to physicochemical properties (PSSMP) on the prediction
accuracy, where the PSSMP is derived by merging several amino acid columns of a
PSSM belonging to a certain property into a single column [13]. Additionally,
DisPSSMP decomposes each conventional physicochemical property of amino acids
into two disjoint groups which have a propensity for order and disorder respectively.
It outperforms the existing packages in predicting protein disorder by employing
some new properties that perform better than their parent properties [13].

Several studies have attempted to incorporate the predicted information of
secondary structure elements (SSE) in predicting protein disorder [3, 6, 14, 15, 16, 17,
18, 19]. NORSp aims to identify the regions with no sufficient regular secondary
structure as disorder, by means of merging predictions of secondary structure from
PROFphd, transmembrane helices from PHDhtm, and coiled-coil regions from
COILS [14, 15]. The GlobPlot service detects sequence regions of globularity or
disorder by calculating a running sum of the propensity for random coils and
secondary structures [16]. Meanwhile, some other approaches employed secondary
structure information as parts of their features. DISOPRED2 employs the predicted
secondary structures from PSIPred to refine its prediction of disordered residues [3,
6]. DISpro combines evolutionary information from PSI-BLAST, secondary
structures from SSpro, and relative solvent accessibility from ACCpro for protein
disorder prediction [17]. Similarly, VLS2 adopts various features in predicting protein
disorder, including amino acid frequencies, spacer frequency, sequence complexity,
charge-hydrophobicity ratios, averaged flexibility indices, and averaged PSI-BLAST
profiles, as well as the averaged PHD and PSIPred secondary structure predictions
[18, 19].

Although employing the predicted information of secondary structure is not new to
this problem, it is not clear how much this feature contributes when employed with
other important features such as amino acid physicochemical properties. There are
also some challenges when retrieving secondary structure information from existing
packages of secondary structure prediction. Here we use two examples to illustrate the
difficulties. Fig. 1(a) shows the partial results of six famous secondary structure
predictors for the protein platelet membrane glycoprotein Illa beta subunit (chain B
of PDB structure 1JV2) and Fig. 1(b) for DNA-directed RNA polymerase II largest
subunit (chain A of 113Q). It is observed that the categories of secondary structure
predicted from various predictors are sometimes inconsistent and the boundaries they
detected are largely unlike, especially for the short segments. Thus, it is of great
interest to develop a refined description of SSE that benefits the problem of protein
disorder prediction.
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(a) Chain B of PDB structure 1JV2: residues 325~390
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(b) Chain A of PDB structure 113Q: residues 553~617

Fig. 1. The partial results of several secondary structure predicators on the chain B of PDB
structure 1JV2 and chain A of 113Q. Helixes are denoted as ‘H’, strands as ‘E’, and coils as ‘-’.

In this study, we propose a new representation to refine the secondary structure
information and integrate it with the condensed PSSM features developed in our
recent study [13]. The new representation transforms the predicted secondary
structure elements (SSE) into a distance-based feature. The proposed idea is
compared with three naive representations that have been discussed or employed in
some related works. The experimental results reveal that after the refinement
procedure, the influence of potential errors from secondary structure prediction can be
effectively reduced.

2 Materials

For training and validation processes, six datasets have been extracted from different
databases. The number of chains, ordered/disordered regions, and residues in
ordered/disordered regions of each dataset are provided in Table 1. The training data
is composed of datasets PDB652, D184, and G200, which are based on the
procedures described in the following paragraphs. On the other hand, three
independent datasets, which are named R80, U79, and P80, are employed as
validation benchmarks as in related studies [20, 21]. These blind testing sets serve as
a platform for comparing the performance of different SSE representations.
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Table 1. Summary of the datasets employed in this study

Training data Testing data
Number of : PDB652 D184 G200 R80 u79 P80
Chains 652 184 200 80 79 80
Ordered regions 1281 257 200 151 0 80
Disordered regions 1613 274 0 183 79 0
Residues in ordered regions 190936 55164 37959 29909 0 16568
Residues in disordered regions 49365 27116 0 3649 14462 0
Total residues in the dataset 240301 82280 37959 33558 14462 16568

The first training set PDB652 contains 652 partially disordered proteins from the
PDB database [22], each of which contains at least one disordered regions with more
than 30 consecutive residues. The second training set D184 is derived from DisProt
database [23], a curated database that provides information about proteins that wholly
or partially lack a stable three-dimensional structure under putatively native
conditions. For the details of the procedures in preparing datasets PDB652 and D184,
the readers can refer to our recent work [13]. Different from the set PDB693 in [13],
PDB652 excludes the sequences with similarity identity of more than 70% against
any protein sequence in the other training sets by running Cd-Hit [24], resulting 652
proteins.

Since PDB652 and D184 contain more than 60% of disordered residues in terminal
regions of the proteins, which causes the window-based classifiers to over-predict the
terminal residues as disorder, this work collects an additional training set G200 from
the PDB database [22] (there are 35579 proteins structures containing 85233 chains in
the PDB release of 13-May-2006). After removal of the DNA chains and the protein
chains shorter than 80 residues or with disordered regions, only 1847 fully ordered
chains remain. Among the completely ordered proteins, 200 of them are randomly
selected as the dataset G200. Similarly, we use the same criterion described above to
handle the redundancy issue.

There are three independent datasets for evaluation in this study. The first set R80,
prepared by Yang et al. [20], contains 80 protein chains from PDB database. The
second set U79, provided by Uversky et al. in 2000 [21], contains 79 wholly
disordered proteins. Finally, the third testing set P80, organized by PONDR (retrieved
in February 2003), includes 80 completely ordered proteins. Like Yang et al. did in
their study [20], these testing sets were employed in some recent related studies as a
platform in comparison of different approaches in protein disorder prediction.
Particularly, the testing sets U79 (wholly disordered proteins) and P80 (entirely
globular proteins) examine whether the proposed method is under- or over-predicting
protein disorder.
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3 Methods

In this section, we first introduce the disorder predictor DisPSSMP, which was
proposed in our recent work based on condensed PSSMs considering propensity for
order or disorder [13]. Next, four representations of summarizing the local
information of secondary structure are presented. Finally, the procedures of
constructing the Radial Basis Function Networks (RBFN) classifier and some widely
used evaluation measures are described in details.

3.1 Organizing feature sets

The disorder predictor DisPSSMP constructs its predicting model based on the
condensed position specific scoring matrix with respect to physicochemical properties
(PSSMP), which are shown to exhibit better performance on protein disorder
prediction than the original PSSM features [13]. The success of DisPSSMP thanks to
its invention of considering the disorder propensity of amino acids when searching for
an optimized feature combination of PSSMPs. The selected condensed PSSM
properties include: Aliphatic, Aromatico, Polar, and Smallp [13]. The derived feature
set improves the performance of a classifier built with RBFN in comparison with the
feature set constructed with PSSMs or PSSMPs that adopt simply the conventional
physicochemical properties. The original feature set employed by DisPSSMP is
named PSSMP-4 in the rest of this study.

In this study, we aim to investigate how the predicting power of DisPSSMP can be
improved when incorporating secondary structure information with PSSMP-4. We
propose a new representation named SSE-DIS, and compare it with other
representations listed in Table 2, named SSE-BIN, SSE-PRO, and SSE-DEN
respectively. Before extracting the features from the results of a secondary structure
predictor, a SSE with less than five successive secondary structure residues are
removed. We expect the remaining secondary structure segments to provide more
reliable information than the original predictions. As summarized in Table 2, SSE-
BIN comprises three binary features which correspond to the predicted secondary
structure classes (helixes, strands, and coils), respectively. Like DISpro [17], for each
residue, only one of the three features is set to 1 according to its SSE class. Another
representation, named SSE-PRO, includes three real values which represent the
probabilities for each class. Next, SSE-DEN -calculates the density of secondary
structures within a specific window size. Some pilot experiments based on training
data show that the performance of SSE-DEN using various window sizes from 11 to
61 is almost the same. In this regard, a window size of 41 is employed in the
experiments reported in this study. The feature SSE-DEN is derived from the concept
of NORS (no regular secondary structure) [14]. Finally, the proposed representation
SSE-DIS takes the distance of a residue to its nearest secondary structure element.
This feature aims to emphasize the locations which are far from the regions consisted
of regular secondary structures. The procedures of generating these four
representations are exemplified by Fig. 2.
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Table 2. The definition of four representations of secondary structure

Number of Parameters associated with the

Name Description .
p features™ representation

Binary values decoding

SSE-BIN helixes, strands, and coils None
SSE-PRO Probability vall.les for helixes, 3 None
strands, and coils
. A window size for calculating
SSE-DEN The density of secondary 1 densities. It is set as 41 after some

structures . .
pilot experiments were conducted.

SSE-DIS The distance from the nearest 1 None
secondary structure element

*Each feature is normalized into the interval [0, 1] before they are employed in prediction.

In Fig. 2, column (a) stands for the original protein sequence, and column (b) is the
predicted secondary structure element. In this study, we employ Jnet [25] as the
secondary structure predictor, which is a neural network secondary structure predictor
based on multiple sequence alignment profiles. Next, the predicted information is
refined by removal of secondary structure elements with less than five residues,
resulting column (c). The refined information is next transformed into features SSE-
BIN (d1), SSE-DEN (d3), and SSE-DIS (d4) respectively. At the same time, the
feature SSE-PRO (d2) is transformed from the original results of Jnet. The example
used in Fig. 2 is from the protein cys regulon transcriptional activator cysb (PDB
structure 1AL3). For each residue, the feature values falling in a window size of /
centered at the given residue are extracted as its feature vector and the experiments of
considering different window sizes are shown in the next section.

3.2 Classifier

DisPSSMP adopts the QuickRBF package [26] in constructing RBFN for
classification. In this study, we in particular tackle the problem of handling skewed
datasets, which stands for the problems with unbalanced numbers of positive
(disorder) and negative (order) samples. In the previous implementation of
DisPSSMP, equal quantity of residues from ordered and disordered regions was used
in constructing the classifier. However, a large volume of ordered regions was lost
after randomly removal of unwanted ordered residues. Thus in this study, all of
ordered and disordered residues in the training datasets are included to construct the
classifier without loss of information. In order to not over-predict residues as ordered,
we adopt an alternative function in determining the outputs based on the function
values generated by the RBF network. Let the number of the centers in the network be
¢, the probability distribution functions for the classes order and disorder are
represented as follows:
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1AL3:99-119 SSE-BIN SSE-PRO SSE-DEN SSE-DIS
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(a) (b) (© (d1) (d2) (d3) (d4)

Fig. 2. The procedures of generating different representations (d1~d4) for the predicted
secondary structures.

A (Ri)

Order(Ri) | | W1 Wiz ... Wic || 4(Ri)

Disorder(Ri) B Wo1 W22 ... Wog @
¢C(Ri)

, where R; is the feature vector of a residue in the data sets, ¢§(R;) is the j-th kernel
function employed, and w;; and w,; are the weights of the edges connecting the
hidden nodes and output nodes of the RBF network. Since Disorder(R;) and Order(R;)
are supposed to be in between 0 and 1, they are set to 1 and O when the values
generated by QuickRBF are larger than 1 or smaller than O, respectively. Then, the
formula for calculating the disorder propensity of residue R; is represented as follows:

Propensityp (R;) = (Disorder(R;) — Order(R;) +1)/2 . )

Finally, the alternative classification function Classifier(R;) is shown in Equation (3).
It means that the residue R; is predicted as disordered if (Propensityp(R;) >Threshold),
where the parameter Threshold is determined by conducting cross-validation
procedure on the training dataset.
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1 if (Propensity (R;) = Threshold);

Classifier(R;) =
(R) {0 otherwise. ®)

3.3 Evaluation measures

Protein disorder prediction is a binary classification task, and many validation
measures have been introduced to this problem [27, 28, 29]. Since the disordered
residues of proteins in PDB database are so rare that a skewed dataset is considered
here, we employ four measures that are considered proper in this problem together to
evaluate the performance of different feature sets. As listed in Table 3, sensitivity and
specificity represent the fraction of disordered and ordered residues correctly
identified, respectively. Another commonly used evaluation measure probability
excess, recommended by CASP6 [28] and Yang et al. [20], is employed here, too.
Last, the Receiver Operating Characteristic (ROC) curve has been considered as with
the most discriminating ability when comparing disorder prediction methods [17, 19,
28]. Indeed, the area under the ROC curve (AUC) represents the performance of each
method fairly. Accordingly, the evaluation in cross validation is also based these
measures.

3.4 Constructing predicting models with cross validation

In order to conduct a five-fold cross validation, all the chains in datasets PDB652,
D184, and G200 are randomly split into five subsets of approximately equal sizes. As
suggested in DisPSSMP [13], the feature set PSSMP-4 with the window size set as 47
is employed in cross validation to determine the parameter Threshold of Equation 3.
In general, sensitivity increases when specificity decreases, and vice versa. Therefore,
in this study, Threshold is determined by maximizing the probability excess. From
Table 4, probability excess achieves maximal when Threshold is 0.22.

Table 3. The equations of the evaluation measures

Measure Abbreviation Equation
Sensitivity Sens. TP/(TP+FN)
Specificity Spec. TN/(TN+FP)

Probability excess Prob. Excess (TPXTN-FPxFN)/((TP+FN)x(TN+FP))

100
Area under ROC " [Spec(p/100) — Spec(p ~1) /100)] *[Sens( p) + Sens((p ~1) /100)]/ 2
curve AUC p=1

TP: the number of correctly classified disordered residues; FP: the number of ordered residues
incorrectly classified as disordered; TN: the number of correctly classified ordered residues;
FN: the number of disordered residues incorrectly classified as ordered; p: the threshold
employed in Equation (3) (p = 1, 2, ..., 100); Spec(p/100): specificity when the threshold in
Equation (3) is p/100; Sens(p/100): sensitivity when the threshold in Equation (3) is p/100.
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Table 4. Cross validation for the training sets with window size of 47 for PSSMP-4

TP FP TN FN AUC Threshold Sens.  Spec. Prob. Excess

49672 57826 226233 26809 0.781 0.22 0.650 0.796 0.446

4 Results and Discussions

In this section, we first evaluate how DisPSSMP performs when incorporating four
representations of the secondary structure respectively. After that, we show some
statistics from the secondary structures predicted by Jnet and discuss how SSE-DIS
benefits the protein disorder prediction.

4.1 Results on testing data

For the blind testing sets, the comparison of the performance of PSSMP-4 with four
representations of secondary structure is performed by a range of the window size /
from O to 59, while zero means that the feature set comprises only PSSMP-4.

In Fig. 3, the results on the testing set R80 are shown. According to AUC in Fig.
3(a), the performance of SSE-DIS is improved when the window size increases.
Meanwhile, the performance of SSE-DEN increases slightly when the window size is
smaller than 19 and decreases when larger window sizes are considered. On the other
hand, the performance of SSE-BIN and SSE-PRO decrease apparently when they are
incorporated with PSSMP-4. It is concluded that SSE-DIS performs consistently
better than the other representations when different window sizes are considered. Fig.
3(b) shows the comparison based on another measure probability excess. From this
point of view, the predicting powers of SSE-DIS and SSE-DEN are comparable when
the window size is not large. Combining the results of all the testing sets, it reveals
that the representations SSE-BIN and SSE-PRO fail to improve the accuracy of
DisPSSMP when they are incorporated with the original feature set PSSMP-4.

For wholly ordered or disordered proteins, the comparison is conducted on the
testing sets U79 and P8O0. It can be observed in Fig. 4(a) and (b) that the difference
between SSE-DIS and SSE-DEN is more significant in this comparison. Like in Fig.
3(b), Fig. 4(b) shows that SSE-BIN has a better a probability excess than PSSMP-4
when [ is smaller than 19. It seems that SSE-BIN provides some useful information
when the sliding window is small.

4.2 Discussions

We observed that the classifier trained with PSSMP-4+SSE-DIS predicts more
disordered residues than the classifier trained from PSSMP-4 alone. Here we use two
examples to explain the difference between these two classifiers. The experimental
results of the protein methionyl-tRNA synthetase (PDB structure 1PG2 in the dataset
R80) and the protein Heat shock transcription factor, N-terminal activation domain
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Fig. 3. The results on the testing set R80.

(u56 from dataset U79) are drawn in Fig. 5(a) and Fig. 5(b), respectively. For 1PG2,
there are three disordered regions which are residues of 1-3, 126-184, and 551. The
first and third disordered regions are predicted correctly by using PSSMP-4 alone (the
blue line) as well as PSSMP-4+SSE-DIS (the pink line). However, for the second
disordered region, there are only two residues predicted as disordered by using
PSSMP-4, while there are twenty residues predicted as disordered by using PSSMP-
4+4SSE-DIS. It is shown in the Fig. 5(a) that there are five short segments of
secondary structure which are predicted as beta strands by Jnet but have been
removed after refinement step. This procedure increases the values of the SSE-DIS
near this region and then enlarges the disorder propensity of these residues. Similarly,
the accuracy of protein disorder prediction in the first 100 residues of u56, a totally
disordered protein, is improved explicitly due to the removal of eight short segments
of secondary structure, including seven beta-strands and one helix.
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Fig. 4. The results on the testing sets U79 and P80.

At the end of this section, it is of interest to see the statistics of the predicted
secondary structures present in ordered regions and different groups of disordered
regions. With all of the datasets used in this study, the ratio of each secondary
structure type in different groups of protein regions is exhibited in Table 5. In Table
5(a), the statistics are calculated from the original results from Jnet, whereas the
statistics in Table 5(b) are calculated from the refined results by removing short SSE
segments. Here are some observations. First, the ratios of coils in ordered region in
Table 5(a) among all datasets are about 50%, which are lower than in short disordered
regions (~90%), middle disordered regions (~80%), and long disordered regions
(~65%). When comparing Table 5(b) with Table 5(a), it is observed that many beta
strands predicted by Jnet are shorter than five successive residues and are not used in
constructing the feature sets. Furthermore, it is attractive that the ratios of long
disordered regions are more similar to the ratios of ordered regions than the other
groups of disordered regions. This phenomenon might correspond to some long
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disordered segments of proteins with specific functions [2, 4]. Since the disorder-to-
order transition upon binding occurs in some of long disordered segments of proteins,
the segments might comprise secondary structure to stabilize the interfaces or binding
domains between a protein and its ligand. This observation needs more investigations
and discussions in future studies.

PSSMP-4+SSE-DIS
Cutting threshold

|

188 158 288 2958 388 3580 408 498 500

(a) The predicting result (propensity for disorder) of 1PG2
[

a8 188 158

(b) The predicting result (propensity for disorder) of u56

Fig. 5. The comparison of protein disorder prediction with PSSMP-4 and PSSMP-4+SSE-DIS.
The figure plots the disorder propensity of a residue (y-axis) versus the position of a protein
sequence (x-axis), where shaded areas are annotated disordered regions (gray blocks), the blue
line shows the results by using PSSMP-4 alone, the pink line shows the results of using
PSSMP-4+SSE-DIS, and the red line presents the cutting threshold of the classification
function. The refined secondary structure segments are marked as green blocks (the darker
ones), and the segments that contain less than five successive residues and thus have been
removed are shown as yellow blocks (the lighter ones).
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Table 5. The statistics of secondary structure in ordered regions and three groups of disordered
regions with different lengths.

(a) The original results from Jnet

Short disordered  Middle disordered  Long disordered
region(1~4) region(5~9) region(10~)

Helix Strand Coil Helix Strand Coil Helix Strand Coil Helix Strand Coil

PDB652 352 179 469 87 55857 138 53 809 277 113 61.0

Dataset Ordered region

D184 320 159521 82 14904 220 84 696 245 9.6 659
G200 31.3 18.7 49.9
R80 33.0 176495 11 57 931 77 51 872 208 9.0 70.2
u79 283 9.4 623
P80 32.2 179 50.0

(b)The refined results after removal of secondary structure segments with length of less than
five successive residues

Short disordered  Middle disordered  Long disordered
region(1~4) region(5~9) region(10~)
Helix Strand Coil Helix Strand Coil Helix Strand Coil Helix Strand Coil
PDB652 348 141511 84 39877 136 34830 273 81 646

rdered region
Dataset Ordered regio

D184 316 122562 82 000918 220 65715 240 6.8 69.2
G200 31.0 145 544
R80 326 137537 00 46 954 77 38885 207 58 735
u79 27.7 6.5 658
P80 31.9 13.3 54.8

A value in this table is the percentage of a certain type of secondary structure in ordered regions
or disordered regions. The empty squares mean that there is no such region in that dataset.

5 Conclusions

In this study we investigate how the predicting power of condensed PSSM features in
recognizing protein disorder can be enhanced by secondary structure information.
This work compares four kinds of representations in depicting secondary structures
detected by secondary structure predictors. The results suggest that the proposed
representation achieves more coverage of disordered residues without increasing the
false positives obviously. The detected disorder information is expected to be useful
in protein structure prediction and functional analysis. In the future, there are several
directions for further improving the performance of protein disorder prediction. More
predicted information from primary sequences can be merged to enhance the
predicting power of the classifiers. On the other hand, incorporating more machine
learning skills for handling skewed datasets in this problem also deserves further
studies.
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