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Abstract

We carry out a comprehensive study of long-range in-
teractions on a large data set of non-homologous proteins.
Our study reveals that the long-range interactions between
amino acids far apart are common in protein folding,
and play an important role on the formation of secondary
structure. Using residue-wise contact order(RWCO) to de-
scribe long-range interactions, we further evaluate the ef-
fect of long-range interactions on secondary structure pre-
diction. We select six most popular prediction methods and
collect their prediction results on the same set of proteins.
All the six prediction methods show a significant negative
correlation between prediction accuracy and RWCO.

Key words: Long-range interactions, protein secondary
structure, mutual information, residue-wise contact order,
correlation coefficient.

1. Introduction

One of the most important open problems in compu-
tational biology concerns the computational prediction of
the secondary structure of a protein given only the under-
lying amino acid sequence. During the last few decades,
much effort has been made toward solving this prob-
lem, with various approaches including GOR (Garnier,
Osguthorpe, and Robson) techniques [8], PHD(Profile
network from HeiDelberg) method [4], nearest-neighbor
methods [24] and support vector machines (SVMs) [11].
These methods are all based on a fixed-width win-
dow around a particular amino acid of interest, and
thus usually do not explicitly consider long-range in-
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In this paper, a comprehensive study is carried out on a
large data set of non-homologous proteins. We statistically
analyze the long-range interactions in proteins and study
their effect on protein secondary structure prediction.

2. Data acquisition
2.1. EVAset

EVA(EValuation of Automatic protein structure pre-
diction) is a web-based server that provides a continu-
ous, fully automated, and statistically significant analy-
sis of structure prediction servers. Everyday, EVA down-
loads the newest protein structures from Protein Data Bank
(PDB) [2]. The structures are added to mySQL databases,
sequences are extracted for every protein chain, and are
sent to each prediction server by META-PredictProtein
[16]. META-PP collects the results and sends them to
EVA. The central EVA site at Columbia is available at
http://cubic.bioc.columbia.edu/eva/

The EVA set, the largest sequence unique sub-
set of PDB, fulfills the criteria that no pair in sub-
set has more than 33% identical residues over more
than 100 residues aligned. We extracted the EVA set
from PDB based on the current EVA list with 3449
chainshttp://cubic.bioc.columbia.edu/
eva/res/unique_list.html ). All proteins in the
EVA set were sequence unique, i.e. they do NOT lsige
nificant sequence similarito proteins of known struc-
ture (at the date of the submission of the new protein).
The termsignificant sequence similaritgfers to the fol-
lowing operational definition: Two proteins A and B are
considered to be significantly similar if we can safely pre-
dict that B has the same structure as A by simply compar-

teractions between distant amino acids. This weakness ing their sequences.

of local window approaches is often cited as the cur-
rent limitation to accurate secondary structure predic-
tion.

To extract 3D coordinates af,, atoms, together with
secondary structure, we run the DSSP program [15] on
all the PDB files of the EVA proteins, excluding those



for which DSSP crashes due, for instance, to missing en- quence separation of contacting residues are larger than 4
tries or format errors. The DSSP program was designed residues, and analyzed the role of long-range interactions
by Wolfgang Kabsch and Chris Sander to standardize sec- in the folding of globular,(«/3)s barrel and membrane
ondary structure assignment. The DSSP is also a databaseproteins. Their work revealed that long-range interactions
of secondary structure assignments for all protein entries play an active role in the stability of protein molecules.
in the Protein Data Bank. In the current EVA list, there For globular proteins, they studied the influence of long-
are some theoretical model structures and outdated PDB range interactions in different structural classes of pro-
IDs(each structure in the PDB is represented by a 4 char- teins and found that 85% of residues are involved in long-

acter identifier). After removing the redundant entries and
those for which DSSP could not produce an output, we ob-
tained the final set consisting of 3374 protein chains, which
forms the source for our present study.

2.2. Collection of secondary structure predictions

Twenty-one secondary structure prediction meth-
ods participate in the EVA evaluation. They are apssp,
phdpsi, jpred, phd, psipred, préfng, profsec, sspro2,
jufo, phdprof, prof, prof0, profl, prospect, pssp, sable,

range contacts. The all-class proteins have more long-
range contacts in the 4-10 range and thesatilass pro-
teins have more long-range contacts in the 11-20 range.
The range 4-10 is favored by the+ ( class of proteins.
Inthea/g class, thev-helices angd}-strands occur alterna-
tively and some residue distances are necessary toferm
strand and barrel, which leads to having contacts in the 21-
30 range. A similar trend was also observed in their study
of (a/B)s barrel proteins. In the case of membrane pro-
teins, the long-range interactions play an important role in
the stabilization of helix-helix interactions in transmem-

samt99sec, scratch, sspro, ssprol and apssp2(available brane helical(TMH) proteins and in the close packing of

online at http://cubic.bioc.columbia.edu/
eva/doc/explain_methods.html ) . For each pro-
tein in the EVA unique list, EVA evaluated these sec-
ondary structure prediction methods at the deposition
date of that protein. The prediction results of each pre-
diction sever are downloadable ttp://cubic.
bioc.columbia.edu/eva/doc/ftp.html . Out

of these 21 methods, we selected apssp [22], phdpsi [21],
jpred [6], phd [3], psipred [14] and sspro2 [20] to eval-
uate the effect of long-range interactions on prediction
accuracies.

3. Importance of long-range interactions in

protein folding

The folding of a polypeptide chain into a com-
pact, unique 3D structure is directed and stabilized by
intra-molecular interactions between the constituent

amino acid residues along the chain. The residues in a pro-

tein molecule are represented by théls, atoms. The
complicated atomic structure of a protein can be repre-

sented as a chain trace, that is, the ordered succession o

residue centerg{, atoms) described by their X, Y, Z co-
ordinates. We used the three-dimensiaofiglcoordinates
to calculate residue-residueC(-C,) distance matri-
ces:

rij = sqrt[(Xe, — XL )+ (Y, —Y2 )V +(Z26, 2L )7

(1)
Two residues are considered to be in contact if any pair of
C, atoms from each residue locate closer than a threshold
value. Different threshold values have been used to define
inter-residue contact, for example, 4564, 84, 104 and
124.

Gromiha and Selvaraj [23, 9, 10] defined long-range in-

teractions to be those residue-contacts for which the se-

f

(B-strands in transmembrane strand(TMS) proteins. Specif-
ically, the TMS proteins prefer the 11-20 range, and the
higher long-range contacts are influenced up to the range
21-30.

The above observation was obtained from a relative
small data set(150 globular proteins and 49 membrane pro-
teins). In our study, a more comprehensive survey is con-
ducted on a large data set. We calculated the numbers of
residue-contacts and the percentage of long-range contacts
in the EVA protein set. Different partitioned distances are
used to define residue contact and different threshold val-
ues of sequence separation are used for long-range con-
tact. The results for different combinations of parameters
are recorded in Table 1.

As observed from Table 1, long-range interactions are
important in protein folding, and the fraction of long-range
interactions is smallest wher¥6is selected as the thresh-
old value for defining residue contact. Therefore, in the rest
of this paper, we fixed the threshold value for residue con-
tact to be 61.

4. Influence of long-range interactions on SS

formation

In this section, we address the effect of long-range in-
teractions on the formation of secondary structures of pro-
teins.

There are several concrete examples of secondary
structures whose formation is influenced by long-range in-
teractions between amino acids [17, 18]. Minor and
Kim [17] designed an 11-amino-acid sequence that
folds as an alpha-helix when in one position but as a
beta-sheet when in another position of the primary se-
quence of the IgG-binding domain of protein G. Their
experiment demonstrated that non-local interactions



Table 1: The percentage of residues that are involved
in long-range contacts._isum refers to the number of

residue-contacts, and each column represents the percent

age of long-range contacts defined by different threshold
values.

cutoff 454 6A4 8A 104 124
c.num 52424 900798 2236370 5231096 9455424
> 8 76.80 48.09 57.04 62.40 69.86
>9 74.42 46.80 55.66 60.94 68.25
>10 7156 4556 54.33 59.64 66.85
> 11 69.17 44.41 53.06 58.41 65.60
>12 67.65 43.26 51.86 57.27 64.42
>13 65.69 42.20 50.75 56.20 63.29
>14 63.60 41.18 49.68 55.18 62.18
>15 61.52 40.17 48.64 54.17 61.10
>16 60.17 39.21 47.60 53.16 60.05
> 17 58.61 38.27 46.60 52.17 58.99
>18 56.99 37.33 45.63 51.19 57.94
>19 5549 36.46 44.66 50.21 56.89
>20 54.15 35.60 43.70 49.22 55.83

can determine the secondary structure of peptide se-

fraction of determinable-mers increases with increasing
subsequence length. Based on their observation, they con-
cluded that the minimal length of subsequence required to

determine the central secondary structural state is about
14-17 residues. However, when> 11, Ny and Ny,q4¢
were too small to supply statistically relevant information
for analysis, due to the limited size of the database used.
Forn = 14 and 17, the value afy;, is not presented in the
original paper.

Is protein secondary structure primarily determined by
local interactions between residues closely spaced along
the amino acid backbone or by non-local tertiary interac-
tions? As we know, quantitative measurement of sequence-
structure correlations can elucidate the relative impor-
tance of different interactions to protein structure and fa-
cilitate the rational design of structure prediction algo-
rithms. To answer the above question, we examined the
strength and relative importance of correlations among
amino acid identity and secondary structure, both for con-
tacting residues closely located along the amino acid chain
and for residues proximate in space but distantly separated
along the chain.

The average strength of correlations between two dis-
crete random variables is the mutual information, an

quences of substantial length. It was also observed that information-theoretic measure of the knowledge that each
small fragments of the same sequence are found in differ- variable carries about the other.

ent secondary structures [19, 13, 25, 12]. Most recently,

Crooks and Brenner showed that local inter-sequence in-

formation is insufficient to determine secondary struc-
ture, implying indirectly that nonlocal interactions is

important for secondary structure formation [5]. In par-
ticular, they found that correlations between neigh-
boring amino acids are essentially uninformative and
only one-fourth of the total information needed to de-
termine the secondary structure is available from local

inter-sequence correlations. As they estimated, the en-
tropy density of secondary structure sequences is 0.60

bits per residue, while the local mutual information be-
tween primary and secondary structure is only 0.16
bits per residue. The scarcity of local sequence in-
formation places severe constraints on any prediction
algorithm that purports extract secondary structure infor-
mation from local sequence correlations.

On the other hand, some other researchers denied the 1(S;; Ry, Ra, ..

significant influence of long-range interactions on sec-
ondary structure specification. For example, Pan, X. M.
et al [19] analyzed the relationship between the fraction
of n-mers with a unique central secondary structural state
and the length ofi-mers in a low-homologous database.
They computed the fraction of determinableners as be-
low:

Eit = th/(th + Nundt) (2)

where Ny, is the sum of appearance frequencies of de-
terminablen-mers, andN,,,q4; is the sum of appearance
frequencies of undeterminabltemers. It is found that the

MIX.Y) p(z)p(y)

> ol log H5:0)
H(X) + H(Y) — H(X,Y)

®3)

where H(X) is the entropy of X. When calculated with base
2 logarithms, mutual information is expressed in units of
bits. A high mutual information value is a result of strong

correlation, whereas a mutual information value of zero in-
dicates uncorrelated variables.

Robson’s studies show that the effect of one residue
type on the conformation of residues up to eight residues
distant plays a predominating role, while choosing shorter
separation distance neglects significant information. The
GOR techniques take into account only the local subse-
quence around the residue of interest by using an approxi-
mation:

o Rigst) 2 I(Si; Ri—s, ..., Rivs) (4)

in which interactions between residues separated by more
than 8 positions in the amino acid sequence are neglected.
In our work, we define two residues to be in long-range
contact if they are separated by at least 9 residues in the
chain, and the distance between thearbon atoms is less
than the threshold distance of6

In table 2, we quantify the protein sequence-sequence,
sequence-structure and structure-structure correlations us-
ing mutual information. All contacts have@, distance
of 6 4 or less, and are separated in the polypeptide chain
by 2 or more residuesy; is the amino acid at positioh



Table 2: Summary of mutual information in inter-residue
contacts.

i—jl>2 2<[i—j|<8 [i—j|>38
MI(R;,R;) 0.007289  0.006261 0.017497
MI(R;,S;) 0.024069  0.014110 0.033919
MI(S;,S;) 0459712 0.265390 0.262924

ands; is the corresponding secondary structure. As we ob-
served, the mutual information between residues in long-
range contact is comparable with the mutual information
between residues in local contact.

5. Negative effect of long-range interaction
on prediction accuracy

Most of the current secondary structure predic-

a measure of the complexity of protein topology.

1 L-3 L
:NZ > li— 1o

i=1 j=i+3

®)

where N is the total number of contacts in the protein; L is
the length of the proteinj;; (1 < 4,5 < L) represent the
contact map of the protein, i.;; = 1 if residuei and j
are in contact, and 0 otherwise.

5.1.2. Relative contact orderRelative contact order re-
flects the relative importance of local and non-local con-
tacts to a protein’s native structure. Relative contact order
is the average sequence distance between all pairs of con-
tacting residues normalized by the total sequence length.

L-3 L
Z Z li — 416

i=1 j=i+3

COypel = (6)

N x L

The contact order and relative contact order were origi-

tion methods assign a secondary structure to the center nally introduced to quantify the complexity of the native
of a local segment and thus usually do not explicitly con- topology of proteins and investigate the correlation be-
sider long-range interactions between amino acids. There tween the native structure and its folding rate. As such,
have been several experimental examples where a lo- both the contact order and the relative contact order are
cal segment alone is not sufficient to determine its sec- per-protein quantity. In the below sections, we extend the
ondary structure. So far, there are not many systematic definition of contact order to make it a per-residue quan-
studies on the effect of long-range interactions on pre- tity.

diction accuracy. Interestingly, some earlier studies 5.1.3. Residue contact orderkihara, D. [16] intro-
suggested that the current insufficient accuracy of Sec- y,caq for the first time the residue contact order to evalu-

ondary structure prediction does not result from the
neglect of long-range interactions. Fiser et al. [7] com-
pared the accuracy of secondary structure prediction
for residues involved in significant long-range inter-

actions and for the other residues, and concluded that
the role of long-range interactions in defining the sec-
ondary structures is overestimated.

In the present study, we address the effect of long-range
interaction on the prediction accuracy of secondary struc-
tures and come to a contrary conclusion that the accu-
racy gets worse on average for residues with long-range
interactions. We use Residue Contact Order(RCO) and
Residue-Wise Contact Order(RWCO) to describe the ex-
tent of long-range interactions and examine the relation-
ship between the RCO/RWCO and the prediction accuracy
on the EVA set.

5.1. Quantity of long-range interactions

We need to specify numerically long-range interaction
in proteins before we study its effect on prediction accu-
racy.

5.1.1. Contact order The contact order is the average se-

quence separation between contacting residues in the na-
tive state of a protein. This simple index has been used as

ate the long-range interactions for each residue. The RCO
indicates the average sequence separation of contacting
residues to a residue of interest.

L
1
; = = i— |6
ROO, = STl 1oy

Jili—il>2

()

wheren is the number of contacts between residwaand

the others. We don't take into account reside-residue pairs
for which |i — j| is smaller than 3. In this way, we exclude
trivial contacts between nearest- and next-nearest residues
along the sequence.

5.1.4. Residue-wise contact ordeResidue-wise con-
tact order was originally introduced by Nishikawa and
Kinjo as a new kind of 1D protein structure, which rep-
resents the extent of long-range contacts. The residue-wise
contact order (RWCO) of thieth residue of a protein is de-

fined by
L

1 .
oi=7 > li—ilCiy
g:li—i|>2
where L is the length of the amino acid sequence of the
protein and the contact between two residues is defined by
a sigmoid function:

8

1

9
1+ exp(ri; — ©

Ci’j = d )



wherer; ; is the distance between tlig, atoms of the-th

and;j-th residuesd. is the cut-off distance for the contact

definition. The RWCO is a generalization of the residue

contact order, and is also a per-residue quantity. class num max min average
Kihara, D. [16] have examined the effect of global H 144182 5.38045 0.00104984  0.280893

features of proteins on the accuracy of protein secondary E 85319 5.5523 0.000118382 0.718816

structure prediction. He found that the prediction accuracy C 164782 6.12381 O 0.360048

is not affected by the length, the contact order, and rela-

tive contact order of proteins. In the next section, we will

investigate the influence of long-range interactions on the Table 5: RCO of residues in three secondary structure

prediction accuracy by using the RCO and RWCO as mea- classes ( threshold=5.

Table 4: RWCO oforesidues in three secondary structure
classes (threshold=5.

sures of long-range interaction. class  num max _ min__average
_ _ H 144182 8385 O 11.6377
5.2. a-helices are better predicted thang-strands E 85319 595 O 41.9357

C 164782 1001 O 26.1306

Existing approaches can prediethelices with accura-
cies between 70% and 80%. However, the problem of pre- 5.3, Relationship between RCO and prediction
dicting 5-sheet regions has not been treated at a compara- accuracy
ble level. The overall prediction accuracies of apssp, phd,
phdpsi, jpred, psipred and sspro2 for the EVA proteins are  Residues with RCO values larger than 8 are considered
summarized in Table 3. The EVA set most probably in-  to have long-range contacts with other residues located be-
cludes sequences that were used to train these programsyond the local window of most window-based predictors.
which would inflate the accuracy beyond that shown in the

original publications. o ) . )
Table 6: The prediction accuracy for residues with local in-

teractions and long-range interactions.
Table 3: Performance of several prediction methods

method RC&X8 RCO>8
method numP numR Q3 QC QH QE numR  accuracy nunR  accuracy
apssp 1264 247762 77.05 82.70 77.58 65.38 apssp 141951 78.92% 105811 74.54%
phdpsi 1780 359152 74.11 76.97 77.18 63.17 phdpsi 204357 76.50% 154795  70.95%
jpred 1301 258007 74.23 84.61 7134 59.01 |jpred 148020 76.55% 109987 71.12%
phd 1883 380026 70.62 7256 74.12 60.94 phd 214573 73.18% 165453 67.31%

psipred 1667 337333 7821 79.08 81.97 70.18 psipred 190802 80.00% 146531 75.88%
sspro2 1320 270399 77.28 79.82 8184 64.66 profking 167460 76.09% 125468 73.10%
profsec 187740 78.41% 140746 73.82%
sspro2 153471 80.01% 116928 73.70%

In table 3, numP and numR represent the number of
proteins and number of residues respectivély; is the
overall three-state prediction percentage defined as the ra- Table 6 records the prediction accuracies for residues
tio of correctly predicted residues to the total number of with RCO<8 and those with RC88. Prediction accura-
residues; QH, Q_E and QC are the percentage of cor- cies of all the predictors drop if the residue has contacts
rectly predicted residues observed in classaglices), with distant residues located outside the local input win-
E(B-sheets) and C(others) respectively. It is shown that dow.
helices are better predicted tharstrands by each predic-
tion method. 5.4. Prediction accuracy with respect to RWCO

(-sheet structures typically range over several discon-
tinuous sections in an amino acid sequence, whereas the The correlation of prediction accuracy and RWCO is
configurations ofv-helix are continuous and their depen- illustrated in Figure 1- 6. Six Angstroms is used as the
dency patterns are more regular. We calculated the RWCO threshold value for residue contact. The residues of the
and RCO values for residues in different classes of sec- test proteins are split into subsets with a bin size of around
ondary structures. As indicated by the results in Table 45, 5000. We observed that the secondary structure predic-
the RWCO and RCO values of residues in class E are tion accuracy drops as the RWCO value becomes higher.
larger than those of residues in class H. That is, the for- The significant negative correlation coefficient in Table 7
mation of 3-strands is more affected by long-range inter- verifies our observations. Note that all the prediction meth-
actions than that af-helices. ods used show this negative correlation.
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We compute the Pearson’s Correlation Coefficient be- . )
tween RWCO and prediction accuracy using the data ©- Discussion
points in Figure 1- 6. The formula for Pearson’s correla-
tion takes on many forms. A commonly used formula is

We have addressed the negative effect of long-range
shown below:

interactions on protein secondary structure prediction ac-
curacy. It is suggested that to improve protein secondary
. > XY — w 0) structure prediction, one should use distant information,
\/(E 2 _ (E]\)[()Q (Y2 — (213/)2) that is not contained in local input windows. Substantially
increasing the size of input window does not improve the
performance because of the problem of over-fitting. Gian-
luca Pollastri [1] developed a bidirectional recurrent neu-
) . ) ) ral network(BRNN) to overcome the drawbacks of local
Table 7: The correlation gogfﬂment of the residue-wise g oq.window approaches. However, recurrent neural net-
contact order and the prediction accuracy. works have difficulties in learning long-term dependen-

method correlation coefficient cies. Moreover, it is hard to detect the sparse and weak
apssp -0.793196 long-range signals while ignore the additional noise found
jpred -0.834448 over large distances. The BRNN system achieves an ac-
phd -0.694418 curacy close to 76%, comparable to the current window-
phdpsi  -0.646376 based approaches. There is still a margin of 10%-15% left
psipred -0.563313 for further improvement to reach the upper limit of the pre-
sspro2  -0.763202 diction accuracy of 90%, especially for the prediction of

B-strands.
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