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Abstract

Knowing the number of residue contacts in a protein is
crucial for deriving constraints useful in modeling protein
folding and/or scoring remote homology search. Here we
focus on the prediction of residue contacts and show that
this figure can be predicted with a neural network based
method. The accuracy of the prediction is 12 percentage
points higher than that of a simple statistical method. The
neural network is used to discriminate between two different
states of residue contacts, characterized by a contact number
higher or lower than the average value of the residue
distribution. When evolutionary information is taken into
account, our method correctly predicts 69% of the residue
states in the data base and it adds to the prediction of residue
solvent accessibility. The predictor is available at
htpp://www.biocomp.unibo.it
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Introduction

A major challenge in molecular biology is the elucidation
of the functional properties of proteins in terms of
structural and dynamical features. In this context the core
problem is posed by the process of protein folding during
which the protein settles into a stable and well definite
three-dimensional structure. Its knowledge is valuable in
determining the structure to function relationship.
Moreover it justifies the considerable effort being
expended to bridge the gap between the amount of 3D
structures known with atomic resolution and the
overwhelming quantity of amino acid sequence data
(Sanchez and Sali, 1998).

Solvent accessibility and number of contacts

In the attempt of predicting aspects of protein structural
organization, a basic and informative distinction to make is
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the degree to which residues in the structure interact with
the solvent molecules. The relative solvent accessibility is
the one-dimensional descriptor which captures this
distinction. Prediction of residue accessibility has been
attempted with different methods based on neural networks
without (Holbrook et al., 1990) or with evolutionary
information (Rost and Sander 1994a), on Bayesian analysis
(Thompson and Goldstein 1996) and residue substitution
matrices (Pascarella et al., 1998). Recently, a simple
statistical approach was introduced, that classifies residues
into a burial or non-burial category with no reference to the
surrounding sequence (Richardson and Barlow 1999). This
“bottom line” method predicts the level of solvent
accessibility of a residue, based on the identity of residues,
independently of their context. Despite its simplicity (no
context dependence), the "bottom line" accuracy is as good
as that of the more sophisticated methods, using neural
networks and bayesian statistics. It also indicates that the
residue propensity to be exposed or not exposed to the
solvent is sufficient for the prediction score. A comparison
of all the available methods shows that the accuracy value
levels around 69-71%, when single protein sequence is
used (Richardson and Barlow 1999).

Predictors of solvent accessibility predict relative
accessibility classes. This is done using the computed
solvent accessibility from DSSP program (Kabsch and
Sander 1983) and normalizing it at the maximum value of
exposed surface area obtainable for each residue. Different
arbitrary threshold values of solvent accessibility are
chosen to define binary categories (buried and exposed) or
ternary categories (buried, partially exposed, or exposed).

Likewise secondary structure prediction (Rost and
Sander, 1994b), approaches to predicting solvent
accessibility benefit from using evolutionary information.
An increase of 5 percentage points in the prediction
accuracy was reported both with neural networks (Rost and
Sander 1994a) and Bayesian methods (Thompson and
Goldstein 1996).

Another one-dimensional descriptor basic to protein
structural information is the number of stabilizing contacts
that residues make in the protein folded globule (for review
see Dill 1999). Based on the notion that less exposed
residues are preferentially involved in hydrophobically



driven chain compaction, solvent accessibility has been
routinely used to evaluate also the number of residue
contacts. In order to simulate the hydrophobic collapse in
model proteins the number of residue contacts is chosen as
the inverse measure of the residue solvent accessibility and
in the case of simple lattice protein models, it is the only
source of interaction (Sali et al., 1994).

In this paper we show that although a strict connection
between accessibility and contact number is commonly
accepted, residue surface accessibility is differently
distributed than the number of residue contacts in a data
base of selected proteins and that residue classification
may be different depending on which property is
highlighted. Therefore a direct prediction of the number of
residue contacts is worth in many cases.

Relevance of residue contact information

Knowing the correct positions of residue contacts in
proteins has been proven extremely useful to determine the
three-dimensional structure of a given protein, as it was
recently demonstrated in the CASP3 competition (CASP3,
Ortiz et al., 1999). Moreover, when remote homology is
searched, it is very profitable to derive a surface potential
based on the distribution of contact numbers for each
residue. This is computed by implementing the inverse of
the Boltzman rule (Flokner et al., 1995) or by using the
notion of contacts among residues to improve existing
threading algorithms (Olmea et al., 1999).

In an off-lattice context the number of contacts for each
residue is computed inside a spherical cut-off centered into
each residue and by counting the number of residues
falling inside a defined volume (Flockner et al., 1995).

In the last few years different attempts to predict
contacts (Shindyalov et al., 1994; Olmea and Valencia,
1997; Fariselli and Casadio 1999) and distances among
residues in proteins (Aszodi et al., 1995; Lund et al. 1997;
Gorodkin et al., 1999) have been made with some extent of
success.

In this paper we develop a predictor capable of
discriminating if a given residue, depending on its
sequence context, has a number of contacts greater or
lower than its average value in the data base. This type of
classification is complementary to predicting residue
solvent accessibility and can be used to improve methods
suited to predict protein structure.

The Method

The protein data base

Neural networks are trained and tested on a database of
proteins selected from the Protein Data Bank using the
PDB select algorithm (Hobohm et al., 1992). For the
training phase proteins with an identity value <25% were
extracted from the PDB_select oct 1997  file

(http://www.embl-heidelberg.de). This set was then
reduced by excluding those chains whose backbone is
interrupted. The final set is listed in Appendix 1 using the
PDB acronyms.

When single sequences were used, inputs of the
predictor were derived from the PDB files; in the case of
multiple sequence inputs, the sequence profiles generated
with the MaxHom program were extracted from the HSSP
files (Schneider and Sander, 1991).

Computation of residue solvent accessibility and
contact number

Residue solvent accessibility is evaluated by using the
DSSP program (Kabsch and Sander 1983). The value is
normalized to the maximal exposed surface area of each
residue (Rose et al.,, 1985) in the data base of selected
proteins (Appendix 1).

The number of inter-residue contacts for each residue of
the data base is computed by defining a spherical protein
volume centered in the CB atom (or Ca for GLY) and
with a radius equal to 6.5 A.

The predictor and the measure of accuracy

Initially, for each residue the frequency distribution of the
number of contacts is computed using the protein data
base. A standard feed-forward neural network based
predictor is then trained (and tested) to classify whether a
given residue, depending on the context of the input
window, has a number of contacts lower or higher than its
average distribution value. The training procedure is
performed using single sequence or sequence profile as
input to the networks.

The training algorithm is back-propagation (Rumelhart
et al. 1986). The network architecture consists of a
perceptron with one hidden layer, and two output neurons.
The number of hidden neurons was changed from 2 to 32
without significantly affecting the predictive performance.
The input window was 1 to 15 residue long, depending on
the test case. The predictor implemented with a 1 residue
long window was used as a “bottom line” reference. This
simple predictor always assigns a residue to its most
abundant class independently of its environment
(Richardson and Barlow, 1999).

A cross validation procedure was adopted by splitting
the proteins listed in Appendix 1 into 10 subsets of almost
equal size.

In order to score the efficiency we used the following
accuracy indices (Fariselli et al. 1993): Q2 is the number of
correctly predicted residues divided by the total number of
residues; PC is the number of correct assignments to a
given class divided by the number of all the residues
predicted in that class; Q is the number of correct
assignments to a given class divided by the total number of
observed in that class; C is the Matthews’ correlation
coefficient.



Results and Discussion

Residue solvent accessibility and distribution of
contact numbers

A key point of our work is to elucidate the difference
between solvent accessibility and number of contacts of a
given residue. To this purpose, we first computed the
distributions of solvent accessibility and of contact
numbers for each residue in the protein data base (Figure 1
and 2, respectively). The solvent accessibility distributions
are characterized by three patterns: the first, typical of the
majority of residues (hydrophobic and polar) is
characterized by higher frequencies of occurrence
corresponding to low values of solvent accessibility (in the
range of 10%); the second, comprising charged residues
(except lysine (K)) and glutamine (Q) shows higher
frequency values picking both around 10% and around 40-
60% accessibility values, respectively; the third typical of
lysine (K) is characterized by frequencies of occurence
peaking around 40%. These data, which are in agreement
with other authors' statistics (Holbrook at al., 1990;
Richardson and Barlow 1999), suggest that a volumetric
effect is dominant over the single residue chemico-physical
characteristics (in a protein, on average, more residues are
buried than exposed on the surface, Janin 1979).
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Figure 1. Frequency distribution of the relative solvent
accessibility for the 20 residues. The residues are depicted
using two different symbols depending on the shape of their
distribution: filled circles when the distribution has only one
pick in the low accessibility region and open squares when it
is bimodal or flat.

Alternatively, the distributions of residue contacts are
characterized by a unique pattern (roughly bell-shaped)
independently of the residue type (Figure 2). Distributions
can be apparently distinguished depending on the two
different positions of their maximal frequency value (equal
to the distribution average value). The distributions of
hydrophobic residues, with the only exception of tyrosine
(Y), peak at the highest average value of contacts (6-7)
whereas the distributions of polar and charged residues
peak at the lowest average value (4-5). Given the

distribution shape, one can speculate that each residue (or
its CP atom) has a preferred coordination (its average value
of contacts) around which it fluctuates due to the protein
environment. For this reason a mean force potential based
on the residue contacts can help in the remote homology
search (Flokner et al., 1995).

For each protein of the data base a correlation is
computed between the number of residue contacts and the
residue solvent accessibility of the chain. The correlation
coefficient values obtained, considering both different
contact volumes and different cut-off values of solvent
accessibility, indicate that correlation between the two
descriptors is poor (Table 1). We can conclude that
predicting the number of contacts of a given residue is
different from predicting its solvent accessibility.
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Figure 2. Frequency distribution of the number of contacts
for the 20 residues. The residues are plotted using two
different symbols depending on whether the mean value of
their contacts is peaking around 4 (open squares) and
around 7 (filled circles).

Table 1. Correlation coefficients between the numbers of
residue contacts and the relative accessibility of the
proteins in the data base.

Accessibility 9% 16% 50%
Cut-off

CB 0.42 0.44 0.39
Ca 0.35 0.37 0.33

Contact numbers are computed using Cf or Cox atoms as volume
centers and a radius of 6.5 A. Binary categories (buried or
exposed) were discriminated by choosing three different
percentage threshold values of solvent accessibility.

The predictor at work

The best performing architecture of the predictor was
selected both by changing the number of hidden neurons
(from 2 to 32) and the window input dimension (odd
numbers from 1 to 15). The accuracy of the predictor, at a
fixed number of hidden neurons (4), is shown in Figure 3
as a function of the input window length. A relevant
increase on the accuracy value is noticeable when the



window length is enlarged from 1 to 5 residues. The
accuracy increases by about 5 percentage points in passing
from 1 to 3 residues, and a further 2% is gained with a 5
residue long window. However when larger windows
ranging from 7 to 15 residues are used, the accuracy is
slightly affected. In this range, as already pointed out for
the solvent accessibility prediction, the choice of the
window length has a marginal influence on the results
(Rost and Sander 1994a). The same observation holds
when the number of hidden neurons at optimal window
length is increased: the efficiency is not significantly
affected by increasing the number of hidden neurons above
4.

It is however noticeable (Figure 3) that the use of
multiple sequence alignment in the form of profile
sequence (MS) as input to the network increases the
predictor accuracy of three percentage points as compared
to single sequence (SS). This indicates that the number of
contacts in proteins is to a certain extent a conserved
property. Indeed it is evident that the accuracy is much
lower when the window length of the predictor is one and
the prediction is totally context independent.

The base line predictor and the best performing
predictors, either using single sequence or multiple
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Figure 3. Testing accuracy of the neural network based
predictor as a function of the length of the input window. The
networks were trained with single sequence (SS) or multiple
sequence (MS) as input and using 4 hidden neurons.

sequence, are compared by evaluating different scoring
indexes (Table 2). The two categories discriminated are
labeled H (higher than the average) and L (lower or equal
to the average). It is evident that both the single sequence
(SS) and multiple sequence (MS) predictors score higher
(up to 12 percentage points with evolutionary information)
than the baseline predictor (BASE).

To our knowledge this is the first attempt to predict the
number of inter-residue contacts in proteins. The use of
neural networks was prompted by the indication that for a
related task (prediction of solvent accessibility) Bayesian
and neural network-based methods perform similarly. We
find that the number of inter-residue contacts in proteins
can be predicted with a good accuracy provided that
context and evolutionary information are taken into
account.

Table 2. Scoring of the neural network based predictor

Method Q2 QL) Q) PCL) PCH) C

BASE 0.57 1.00 0.00 0.57 0.00 0.00
SS 0.66 0.78 0.48 0.68 0.61 0.28
MS 0.69 0.81 0.51 0.70 0.66 0.35

BASE=baseline method; SS=neural network with single
sequence as input; MS=neural network with multiple sequence
as input; Q2= overall accuracy; Q(L) and Q(H) = accuracy
normalised to the observed residue for the classes L (lower
and equal than the average) and H (higher than the average)
respectively; PC(L) and PC(H) = accuracy normalised to the
predicted residue for the L and H classes, respectively; C =
correlation coefficient. Indexes are computed adopting a cross
validation procedure.
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Appendix 1. The protein data base

1191 1531 1lalOaa 1laOb_  1laa0_ laa2_  laa3_
laaf  laaya 1ab3_ 1lab8a 1laba_ labrb lacp_
lad2_ lads_ 1laerb 1lafp_  lafra 1lafwa lag2_
lag4_ lagna 1laggd 1lagre 1lah7_ 1ah9_  1laho
laiéa 1laie  laiha 1laikc 1aj3 lajj_ 1lajya
lak0_ 1lakl_ 1lakjd 1lako_ 1lakz_ 1lalo_ 1laly
lamm_  lamp_ lan%a lanu_ lao7b laoca laoga
laoy  laoza 1lap8_  lapf  lapj  lapyb 1lago0a
lagéa 1lagb_ lagt_ larla 1larb_ lark_  larv_
las4b 1lash_ lasx_ lasya latib 1latla 1latzb
lavma lavob 1lawcb lawd_ lawj_ laxib laxn
lbak_ 1bbpa 1lbcmb 1bcn_ lbct  lbdma 1bdo
lbeba 1benb 1lbeo_ 1bfg 1bfma 1bfta 1bgk
lbgp  1bhmb 1bip_ 1bkf_  1ble_  1lbmfg 1bnb
lbncb 1bnda 1bor_ 1lbova 1bpl_ lbrnl 1lbroa
lbtb_ 1btma 1btn lbvh_  1bvpl 1bw3_  1lbyb

lc5a_  1cby lcdb lcdi lcds_ lcem 1lcewi
lcex  1lcfb_ 1lcfe_ 1cfh  1lcfya 1chd_  1chka
lchma 1cid_ 1clc_ 1lcmke 1lcmr_ lcmyb 1lcne
lcnt2 lcenv_ lcrka 1lcsbb 1lcsga 1lcsh lcsn
lct]j lcto lcur lcyda 1lcyx ldé6a 1ldaaa

ldad_  1ddf_ ldeaa 1dec_ 1def  1delb 1dhr
ldiv_  1djxa 1dkgb 1dkta 1dkza 1dlha 1doka
ldora 1dpga 1dru_ 1ldubb 1ldupa 1ldxy  leal_
lebpa 1leca_ lecea 1lecmb 1lecpa lecra 1lede_
ledg_ ledmb 1ledt_ lehs_  lerd  lerv_ 1lesc_
lesfa 1letpa 1leur_ 1lexh  lezm_ 1fbr  1fcla
l1fcda 1fdm_ 1fjma 1flei 1fmtb 1fna  1foka
1fpka 1ftpa 1fua_ 1furb 1fvka 1fwp  1lgai



lgarb
lglef
lgpmb
1gvp_
lhfc_
lhrya
lhula
life
lirk
liyv_
1511
lkaz_
lkrt_
llam_
11fb_
1llpn
lmai_
lmnmc
lmspb
lncib
lnoya
Inwpa
lospo
lpdc_
1pft_
1pkp_
lpoc_
lprr
lpyp_
lrcf
lrmd_
lrusa
lsgpi
lsmea
lsro
ltc3c
lthtb
ltiv_
ltsg
luby
luxy
lvhra
lvpsa
2wea_
1xbrb
lyaia
lytba
lzin
2acy_
2bopa
2dkb_
2ezh
2hbg
21lgsa
2naca
2phy_
2rn2
2sn3_
2tysa
3cla_
3pte_
4htci
Shpga
7ahla

lgcbh
lgnd_
lgpt_
lgyla
lhgxb
lhsba
lhwha
ligd
lirl
ljaca
ljmca
lkid_
lksr
llatb
1lgha
1lrv_
lmak
lmola
lmuca
Ingr
1npk
Inxb
lotfa
lpdgc
1pgs_
lplc_
lpot
lpsla
lpysa
lregy
lrof
lrvaa
lshca
lsmna
1svb_
ltca_
lthv_
ltle

ltul_
ludii
lvba4
1vif
lvsd_
lwer
1xdtr
lyasa
lytfc
lznba
2arcb
2cba
2dri_
2ezk
2hp8
21iv_
2ncm_
2pii
2rslc
2sns_
2ucz_
3cyr_
3rlra
4mt2_
5icb_
7g9ata

lgdob
lgnha
lgsa
lhava
lhjra
lhsn_
lidaa
ligna
lirsa
1jdw_
1jpc_
2kinb
lkte
llba_
1lis_
11ts5d
1mbd
1lmpga
1lmypa
Inif
lnpoc
lobpa
lotga
lpdnc
lphc_
lplr
lpou
1pta_
lgapa
lres_
lroo
lryt
lskye
lsmpi
lsvpa
ltdtc
lthx
1tlk
ltum
lulp_
lvcaa
lvig
vtx
lwhi
1xgsa
lycc_
lytw
lzwd
2ayh
2ccya
2drpa
2fha
2hpda
2masa
2nef
2plda
2rspb
2spca
2vgh
3grs_
3sdha
4pgaa
5nul
7rsa_

1lggga
lgnwa
lgtma
lhcd
lhlb
lhsta
lidk
lihfa
lisua
ljer
1jrhi
lkit_
lkuh
1lbu_
11lki_
lltsa
lmhlc
lmrj
lmzm
Inkl
lnre_
locp
loyc
lpdo_
lphp_
lpmi_
lppn_
lpud_
lgnf
lrgea
lrpo
1sbp
1skz_
lsmtb
lsvqg
1tfb
1tib
ltml
ltupc
lunka
lvee
lvin_
lvve
lwho_
1xikb
lycqa
lyub_
1zxqg
2baa_
2cdx
2dyna
2fiva
2i1b_
2mem
2omf__
2pola
2sak_
2stv_
2vhba
31zt
3ulla
4pgmb
5p21_
8abp

lgifa
lgoh
lgtga
lhcgb
lhloa
lhtmb
lido
linp
litbb
ljeta
ljsuc
lknb
lkul
1lcl_
1lkka
1lucb
lmkaa
lmrp
1nbab
Inls_
1nsgb
lonra
1p38_
lpea
lpih
lpne_
1ppt_
lput
lguf
lrgs_
lrro
lsera
lslta
lsmvc
ltabi
ltfe_
1tif
ltnra
ltvxa
lurna
lvdfa
1vls_
lvwld
lwiu
1xnb
lycsb
lzaqg
256ba
2bbva
2chsa
2ech
2fow_
2il6
2mpra
2pac_
2por__
2scpa
2stwa
2vik_
3mdda
4aaha
4rhvl
Spti_
8atcb

lgin_
1gpb_
lgtra
lhcra
lhoe
lhtp
1if1b
lipsa
liva_
ljhga
1jvr
lknya
lkvu_
llct_
11lmb4
llxa
lmlda
lmsc_
1nbba
lnoe_
lnsya
lopd
lpce
lpex
lpii_
lpnkb
lprcc
lpyab
1r69_
lrie_
lrsy
lsfe_
lslua
lsgc_
ltada
ltfpa
ltih
ltpm
luae_
lutg
lvhh
lvmoa
lwba_
lwsyb
lxxca
lysc_
lzdd_
2abd
2bds__
2ctc_
2end_
2fsp
2ilk
2msbb
2pgd_
2ptd
2sici
2tbd
3b5c_
3pbga
4dpvz
4xis_
5znf
8ruci

lgky_
lgpc_
lgugb
lhev_
lhgi_
lhtrp
lifc
lipwb
lixh
1jkw
ljxpa
1kpf
lkzub
lleb_
1llpba
llxta
Imml_
lmsec
1nbca
lnox
lnula
lopr
lpcfa
lpfsa
lpioa
lpoa_
lprea
lpyda
lra9_
lrlw_
lrtna
1sfta
1sly
lsra_
ltaha
lthja
ltiid
ltrka
lubi
luxd
1vhp
lvnc_
lwdca
lwtua
1xyza
lysth
lzid
2abk_
2bi6h
2cyp_
2erl
2gdm__
2ktx
2mtac
2phla
2pth
2sil
2tgi_
3chy
3pchm
4hmga
5csma
6gsva
8rxna
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