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Abstract

Predicting the three dimensional structure of proteins is a dif-
“cult task. In the last years seweral approaches have been pro-
posed for performing this task taking into account di®erent
protein chemical and physical properties. As a result, a grow-
ing number of protein structure prediction tools is becoming
available, some of them being specialized to work on either
some aspects of the predictions or on some categories of pro-
teins. In this context, it becomesuseful to jointly apply di®er-
ent prediction techniques and combine their results in order to
impro ve the quality of the predictions. However, seweral prob-
lems have to be solved in order to make this a viable possibility.
In this paper we propose a framework allowing to (i) dene
a common reference applicativ e domain for di®erent predic-
tion techniques, (ii) characterize predictors through evaluating
some qualit y parameters, (iii) characterize the performances of
a team of predictors jointly applied over a prediction problem
and (iv) obtain a unique prediction from the team. Finally , we
highlight the application of this framework to the de nition of
a multi-agent system performing the team selection task, the
integration of multiple, possibly heterogeneous, predictions and
the translation of predictors inputs and outputs into a uniform
data format.

Keywords: Protein structure prediction, hetero-
geneousrepresertations, collaborative computation,
multi-agent systems.

1 Intro duction

In the last years seweral approaces have been pro-
posedfor predicting the three-dimensional structure
of proteins (As an example see(Daron, Gunn, Fries-
ner & McDermott 1998, Dudek, Ramnarayan &
Ponder 1998, Galaktionov & Marshall 1994, Krasno-
gor, Hart, Smith & Pelta 1999,0lszewski& Yan 2000,
Piccolboni & Mauri 1997, Rost 1998, Rost & Sander
1993, Rost, Schneider & Sander 1997)). Someother
approades have been proposedfor predicting either
protein secondary structures, e.g. (Baldi, Brunak,
Frasconi, Pollastri & Soda 2000, Casadio, Compiani,
Fariselli, Jacoboni, Martelli & Rossi 2001, Cu® &
Barton 1999, Rost & Sander1993), or contact maps
(Olmea & Valencia 1997). In order to predict the
three-dimensional structure of proteins, sewral ap-
proaches exploit protein chemical or physical prop-
erties of proteins, (e.g. (Daron et al. 1998, Dudek
et al. 1998) work on energy minimization, whereas
(Galaktionov & Marshall 1994)useintraglobular con-
tacts), or ewlutionary information (Piccolboni &
Mauri 1997).
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In general,the nal goal of protein structure pre-
diction techniquesis that of obtaining a represena-
tion of the three dimensional atomic con guration
of the protein starting either from its aminoacid se-
quenceor from a set of chemical and physical prop-
erties represetting it.

Some of the available tools for three dimensional
protein structure prediction are described in (Bowers,
Strauss & Baker 2000, Fischer & Eiserberg 1996,
Gough, Karplus, Hughey & Chothia 2001, Guex &
Peitsch 1997, Huber, Russell, Ayers & Torda 1999,
Lund, Frimand, Gorodkin, Bohr, Bohr, Hansen &
Brunak 1997, Meller & Elber 2001, Shindyalov &
Bourne 2000). While the number of proposals and
the accuracy of predictions is constartly growing, the
existing tools are still not suxciently accurate and
reliable for predicting all kinds of proteins; moreover,
ead of them operatesoptimally only for a particular
protein category.

In this context, it appearsparticularly interesting
to jointly apply di®erert prediction techniquesand to
combine their results for improving the quality of the
overall prediction. Howewer, seweral problems should
be solved in order to make this a viable possibility.
Indeed: (i) di®eren prediction techniques often ex-
ploit quite di®eren formalisms for represeting their
inputs and their outputs; (i) approathesusedby var-
ious prediction techniques for carrying out their ac-
tivit y are quite di®eren; (iii) both the comparison
and the integration of produced results appear par-
ticularly hard. Note that, in general,the application
of a large number of prediction techniques might not
lead to an improvemert in the prediction quality and,
in somecasessucd a generalizedapplication might be
not even possibleat all.

In this paper we propose a framework by which
a suitable set of prediction techniques can be chosen
to be applied together out of a given set of available
ones. Thus, this paper proposesthe formalization
of a framework allowing to (i) de ne a common ap-
plication domain for di®erert prediction techniques,
(i) characterizethe performancesof single predictors
when applied over a prediction problem, (iii) char-
acterize the performancesof a team of predictors to
be jointly applied over a prediction problem and (iv)
obtain a unique prediction from the team. The for-
malization of the framework will be obtained through
the following steps:

1. the uniform and formal de nition of a generic
predictor to be usedasthe referencefor describ-
ing any kind of predictor;

2. the de nition of measuresallowing to relate sin-
gle predictions; this will constitute the basisto
analyzethe performancesof predictors;



3. the de nition of measurescharacterizing the per-
formances of a single predictor, thus providing
tools for formally dealing with predictors;

4. the characterization of the performances of a
team of predictors; this is the core step of the
proposedframework;

5. the derivation of a single prediction from the re-
sults yielded by predictors in a team; this is ob-
tained by exploiting the results of the previous
steps.

In particular, in Step1 we give the basicde nitions
for a formal and uniform description of tools that are
generally heterogeneousn both their input and out-
put structures and prediction techniques; moreover,
we clearly state what kind of tools can be dealt with
using our framework. In Step 2 we de ne how two
protein structure predictions are compared and re-
lated within the framework; this step is the founda-
tion for Step 3 in which we characterize the behaviour
of a prediction tool looking at its average behaviour
whenapplied on a speci ¢ setP S of proteins for which
the structure is known and represeting the reference
evaluation set underlying one given prediction prob-
lem; in more detail, for ead protein sequencep in
P S the prediction yielded by the tool is related to the
known structure of p to obtain some precision mea-
sures characterizing the behaviour of the tool on p.
The set of measuresobtained by applying the tool on
P S are averagedto obtain overall precision measures
characterizing the tool when applied on PS. Mea-
suresde ned in this step are to be exploited to de-
termine the appropriate set of prediction tools to be
applied together out of a given set of available ones
in a speci ¢ prediction problem. De nitions givenin
Step 1 are exploited both in this and in the subse-
quernt step for handling di®erert tools independertly
of their input and output domains. In Step 4 pre-
viously de ned precision measuresare extended to
characterize teams of predictors; de nitions provided
in this step might be usedto both validate the selec-
tion of the tools composing the team and to foretell
the capability of the team to improve the prediction
quality w.r.t. the separateapplication of singletools.
Finally, in Step5 all information derived sofar is ex-
ploited to derive single protein structure predictions
from the predictions yielded by the tools forming a
given selectedteam.

The framework proposedin this paper constitutes
the theoretical foundation of the multi-agent system
X-MA CoP (XML Multi-Agent Systemfor the collab-
orative prediction of protein structures) we proposed
in (Garro, Terracina & Ursino 2002,Garro, Terracina
& Palopoli 2002). X-MA CoP supports the usersin
the prediction of the three-dimensional structure of
proteins. In particular, the systemautomatically per-
forms the following tasks: (i) selection of a team of
predictors to bejointly appliedto the prediction prob-
lem of interest for the user; (ii) integration of the
predictions yielded by the predictors of the team for
obtaining a unique prediction to be proposedto the
user; (iii) (possible) translation of the predictor in-
puts and outputs in such a way that a userhandlesa
unique data format.

It is worth pointing out that this paper does
not propose a \meta-predictor", but de nes a for-
mal framework which providesthe toolsfor combining
various prediction techniquesand for properly select-
ing teams of predictors in order to optimize results
quality.

Before closing the presen section, we brie°y dis-
cuss about the system EVA (EValuation of Auto-
matic protein structure prediction) (Eyrich, Marti-
Renom, Przybylski, Madhusudhan, Fiser, Pazos,Va-

lencia, Sali & Rost 2001). EVA cortinuously and
automatically analyzes protein structure prediction
seners in \real time". Its main goal is to provide
a cortinuous, fully automated and statistically signif-
icant analysis of structure prediction senersin order
to answer the question\Ho w well could molecular bi-
ologists predict protein structures if they simply take
the outputs from the available programs?”. EVA pro-
vides very sophisticated tools for evaluating serwers
working on (i) prediction of protein structure in 1D
(secondarystructure), (ii) prediction of protein struc-
tures in 2D (inter-residuesdistances), (iii) prediction
of protein structures in 3D (homology modeling and
threading) and (iv) prediction of novel folds.

While related to our framework, (Eyrich et al.
2001) has a quite di®erent purpose from our own.
Indeed, we focus on extracting inter-relationships be-
tween prediction techniques, whereas (Eyrich et al.
2001) focuseson the characterization of single tools.

The plan of the paper is as follows. In Section
2 we give a formal de nition of a generic predictor.
In Section 3 we de ne some measuresrelating pairs
of protein structures whereas,in Section4, measures
characterizing a prediction tool are given. Section5is
dewoted to the de nition of measuresrelating sets of
predictors allowing to de ne a technique for selecting
predictor teams. In Section 6 we proposea technique
for obtaining a unique prediction from the set of pre-
dictions provided by predictors in a team whereas,in
Section 7, we give an example of application of our
framework over three real prediction tools, namely
the Swiss-Malel (Guex & Peitsch 1997), the CPH-
models(Lund et al. 1997)and the DOE FOLD Server
(Fischer & Eiserberg 1996). In Section 8 we shov
how the proposedframework has been exploited for
the de nition of the multi-agent system X-MA CoP.
Finally, in Section9 we draw our conclusions.

2 Formalizing the predictors

In order to de ne our framework for comparing di®er-

ent protein structure prediction tools, it is hecessary
to formally de ne the model usedfor represeting the

generic predictor. A predictor can be modeled as a

function F which takesin input a protein sequencep

and yields the assaiated three dimensional structure

tdp. So,F canbede ned as:

F:SD! TD

where SD is the sourcedomain and TD is the target
domain of F. The sourcedomain de nes the kind of
input neededby the predictor, i.e. the kind of repre-
sertation usedto describe the protein sequenceo be
analyzed. Analogously, the target domain indicates
the represenation usedto describe the predicted pro-
tein structure. As already mertioned, in the lit-
erature, seweral protein structure prediction tech-
niques have beenproposed(Daron et al. 1998,Dudek
et al. 1998, Galaktionov & Marshall 1994, Krasnho-
gor et al. 1999, Olszewski& Yan 2000, Piccolboni &
Mauri 1997, Rost 1998, Rost & Sander 1993, Rost
et al. 1997) and a great variety of protein proper-
ties is exploited to perform the predictions (Daron
et al. 1998,Dudek et al. 1998,Galaktionov & Marshall
1994, Piccolboni & Mauri 1997). This variety re-
sults in a large number of formalisms used to rep-
resert the protein sequencego be analyzed and of
represenations used to describe protein structures.
For instance, a protein can be represerned either
as a sequenceof DNA residues or as a sequence
of aminoacids or by chemical properties assaiated
to the aminoacids, e.g. fHydrophobic, Neutral, Hy-
drophilicg, and soon. Analogously, three-dimensional



protein structures can berepresened either by Carte-
sian coordinates of the badkbone atoms or using di-
hedral anglesrepreserting rotations between peptide
bonds linking the backbone atoms, and so on. Suc
a diversity makesit ditcult to comparedi®erert pre-
diction tools and the results they yield.

In order to be able to uniformly handle di®eren
predictors, it is usefulto considera referencedomain
for the represenation of the protein sequencesand
a referencedomain for the expressionof their struc-
tures. In the following, we shall use SDg to indicate
our standard reference source domain represetting
the protein sequenceand TD,, for the target domain
represeting the folded protein. They are described
next.

2.1 The reference source domain SDg

As far asthe represertation of the protein sequences
is concerned, the most suited choice is that of re-

ferring to their aminoacid sequences. Therefore,

let 85 = fA;R;N;D;C,E;Q;G;H;I;L;K;M;F;

P;S; T, W;Y; Vg be the set of symbols represerting

the aminoacids (i.e., Alanine, Arginine, Asparagine,

Aspartic acid, Cysteine, and so on) and let " be a

special symbol indicating the \unknown" value, the

referencedomain SD is then:

SDo="fpjp2 (8s[ f"9)"g

where (8 s[ f"g)” isthe setof all stringsover§s[ f"g
The occurrencesof the " symbols in p might be rel-
ative to portions of protein sequenceghat are either
unknown or not required by the predictor and allow
to have some portions of the protein represenation
unde ned. The usefulnessof " symbols will appear
clearerin the following.

Each symbol in p can be identi ed by its position
within p and is indicated by p[i]. Analogously; p[i; j ]
indicates the portion of p starting at position i and
ending at position j .

2.2 The reference target domain TDg

The three dimensional structure of a protein can be
represerted accordingto di®erert formats. One of the
most usedrepreserations exploits the phi (A) and psi
(A) angles(Hunter 1993). Backboneatoms are linked
together by peptide bonds. Rotations around those
links can be characterized as having essetially two
degreesof rotational freedom,encadedin the Aand A
angles. The conformation of a protein can be, there-
fore, described as a seriesof pairs of angles PA; Ai .
In order to obtain this represetation, however, it is
necessarﬁo have the positions of the chains of atoms
N -C®-C composing the badkbone. However, seweral
prediction tools are capable to predict just the po-
sitions of the C® atoms (which, in any case,results
in a good quality prediction). For this reason, we
chooseto represent the three-dimensional structure
of a protein asa sequenceof three dimensional rela-
tive positions of the C® atoms composing the back-
bone. In this represenation, the position of the i-
th C® atom is expressedw.r.t. the position of the
(i i 1)-th C® atom of the chain. Formalizing, let
81 = th& &, %i ] &;%,% 2 Rg, TDy isde ned as:

TDo = ftdpjtdp2 (81 [ fh";"; "ig)"g

Also in this case,tdp]i] is usedto indicate the i-th
elemert in tdp, whereastdp[i; j ] represerts the portion
of tdp starting at position i and ending at position j .

It is interesting to point out that given a protein
sequence 2 SD and the assaiated structure tdp as
expressedin terms of TDg, there exists a one-to-one
correspondencebetween elemerts in p and elemers
in tdp.

2.3 Denition of valid domain families

In order to be able to compare the inputs and the
outputs of the prediction tools into consideration, we
restrict our discussionto families of source domains
SDF = fSD;g and target domains TDF = fTD;g
for which the following properties hold:

Prop erty 1 Source Domain Validity. A sourcedo-
main SD; is valid if it is possibleto de ne a function
ggDi : SD;j ! SDy that allows to map elemerns of
SD; into elemerts of SD.

| |

Prop erty 2 Target Domain Validity. A target do-
main TD; is consideredvalid if it is possibleto de ne

a function g,TTDi : TDj ! TDg that allows to map
elemerns of TD; into elemerns of TDy. -

Note that, the properties above do not represen ac-
tual restrictions on the setof available prediction tools
since most of them (Bowers et al. 2000, Fischer &
Eiserberg 1996, Gough et al. 2001, Guex & Peitsch
1997, Huber et al. 1999, Lund et al. 1997, Meller &
Elber 2001, Shindyalov & Bourne 2000) work on do-
mains that satisfy the properties above. Howewer,
those properties are to be satis ed in order to be able
to comparedi®erert predictors.

Now, given two families SDF and TDF of valid
sourceand target domainsresp.,we candealwith pre-
dictors, without lossof generality, just in terms of the
referencedomains SDy and TDy. Indeed, considera
protein structure prediction tool F : SDg ! TD¢f
working on valid domains SDg and TDg. Proper-
ties 1 and 2 assurethat it is possibleto de ne two
functions ¢5,_ and ¢, allowing to obtain valuesin

SDy (resp., TDg) from valuesin SDg (resp., TDg).
Therefore, a generic predictor function F : SDg !

TDEg canbe easily rewritten in terms of the reference
domains SDo and TDg by exploiting the functions

&b, and g, asshown in the following diagram:
C.'SSDF C’-lTDF
# # #
FO: fSDog i i ! fTDog

Thus, w.l.o.g., in the following we will refer to the
functions assaiated to the predictors as applied to
the referencedomainsSD g and T D g, unlessotherwise
speci ed.

Example 1 As an example of domain transforma-
tion, considerthe sourcedomain SD; in which pro-
tein sequencesare represertied by tRNA basis se-
quences. A simple function (;SSDl can be de ned

that assaiates eath codon in a basis sequencep 2
SD; with an aminoacid in SDo. For instance,

é8p, (GCAI) =Alanine, ¢5,, (CGGi) = aRginine,
8o, (NGAUI) = asmaragiN e and soon. Therefore, the

tRN A sequencep = GCA CGG GAU ::: is trans-
lated into the aminoacid sequenceARN ::: -
3 Measures relating pairs of protein struc-

tures

The secondstep of our framework consistsin the def-
inition of measuresrelating pairs of protein struc-
tures. This is the basestep allowing to analyze the
behaviour of a predictor. In particular, we are inter-
estedin measuringthe correctnessof a protein struc-
ture prediction w.r.t. its real structure. In this section



we supposethat both the protein structure prediction
and the real structure belongto TDy.

Most of the protein structure prediction tools al-
low to correctly predict only portions of the protein,
but it is usually not known which portions are cor-
rectly predicted. Therefore, given a structure predic-
tion tdpx 2 TDPy assaiated to a protein sequencep
we are interestedin relating it with the known struc-
ture tdpg 2 TDPy. In particular, it is interesting to
measure(i) the cover of tdpx over tdpg, i.e. the set of
portions of tdpo correctly predicted by tdpy, (ii) the
local precisionof tdpy, i.e. to measurethe longestcon-
tiguous correctly predicted protein portion and (iii)
the global precision measuring the overall extension
of correctly predicted protein structure.

Since both tdpg and tdpx represen three dimen-
sional structures, it is usually not correct to compare
them \as they are". Indeedboth represenations may
dependon the position of the protein w.r.t. the Carte-
sian axes. A preprocessingphaseis therefore manda-
tory for obtaining a three dimensional superposition
of the two protein structures. This can be done by
exploiting the Combinatorial Extension (CE) Method
(Shindyalov & Bourne 1998)applied on tdpo and tdpy.
After this, tdpg and tdpx are analyzedthrough a pair-
wise comparison of their elemerns.

De nition
the set
C(tdpo; tdpx) = ftdpy[i; j]]

8N)(i - I+ j)(Htdpo; tdpk; 1) - tha);

Htdpo; tdpk;i i 1) > thy;

+(tdpo; tdpk;j + 1) > thy;

1- -] jtdpojg
where £ is a function measuringthe distance between

two elements tdp[l] and tdpo[l] and th. is the maxi-
mum acceptablevalue for +. +is de ned as:

+(tdpo; tdpy; 1) = FA(¥{tdpo; 1); ¥{tdpy; 1))

Here ¥{tdp;|) computes the three dimensional posi-
tion of the I-th elemer of tdp assumingthe rst one
at position h0; 0; 0i in Cartesian coordinates and com-
posing the other | j 1 relative positions up to tdp[l],
whereas=’ is as follows:

1 De ne the cover of tdpy over tdpy as

(K1 y1; 200 X3 y2; 200) =
(X1i X2)2+ (Y1i Y22+ (zai 22)?

It isworth pointing out that dealingwith exact match
in this context is not meaningful.

Thus, the cover singles out portions of tdpyx that
match with correspondert portions of tdpo.

In the following de nitions of local and global pre-
cision, we use the de nition of cover C(9 as a func-
tion parameter in order to allow our framework to
be easily extendedto other kinds of cover de nitions.
Moreover, we shall use a function A which receives
two three-dimensional structures tdpoy and tdpyx and
applies the CE Method (Shindyalov & Bourne 1998)
to tdpg and tdpy in order to (Perform their superposi-
tion. A returns the pair htdp$; tdp?i corresponding to
the superposedstructures.

De nition 2 De ne the local precision
P, (tdpo; tdpy; C(®) of the prediction tdpx w.r.t. tdpg
under the cover C as:

Py (tdpo; tdpy; C(@) = Ttz o o J0]

that is, the ratio betweenthe maximum extension of
a correctly predicted portion and the overall length
of the protein. -

De nition 3 De ne the glokal precision
Pgy(tdpo; tdpk; C(9) of the prediction tdpyx w.r.t. tdpg
under the cover de nition C, as:

P

tj2C (A_(mp Ozldp )
jtdpoj

it

Pg(tdpo; tdpx; C(9) =

that is, the ratio betweenthe overall extensionof cor-
rectly predicted portions and the overall length of the
protein. -

As described above, other possiblede nitions of cover
might be exploited. As an example, an alternative
de nition of C might take into accourt the presence
of ®-helices or ~-strands in the protein structures
(Hunter 1993).

4 Measures characterizing a prediction tool

Measuresde ned in the previous section relate one
protein structure prediction with the known struc-
ture. Howewver, we are interestedin characterizing the
behaviour of a prediction tool F over a setof proteins.

In order to characterize a prediction tool, it is
necessaryto compare protein structure predictions
yielded by the tool with known protein structures.
This can be done by applying the tool on a setPS
of protein sequencesvhoseprecisethree-dimensional
structure is already known. PS and corresponding
three-dimensional structures can be retrieved from a
database storing both protein sequencesand struc-
tures, such asthe Protein Data Bank (Berman, West-
brook, Feng, Gillland, Bhat, Weissig, Shindyalov &
Bourne 2000). To simplify the presenation we sup-
poseto have at disposal a particular predictor, that
we call exact predictor, Fg : SDg ! TDg which, for
every protein sequencep 2 PS is ableto yield the ex-
act structure of p; this corresponds to retrieving the
structure of p from the Protein Data Bank.

Recall that we refer to functions assaiated to the
predictors as applied to the referencedomains SDq
and T Dy, unlessotherwise speci ed (seeSection 2.3).

Since we are interested in characterizing the per-
formances of the predictors when they are applied
over a speci ¢ prediction problem, the selectionof the
set PS of protein sequencesvhich the tools areto be
evaluated upon is a quite relevant task. Indeed, it is
important that P S contains protein sequencedrepre-
serting" the prediction problem we want to address.
As an example, if we want to study proteins belong-
ing to the cupredoxins family, it isimportant that PS
cortains those protein sequence®f that family whose
structure is already known.

So, let PS u SDg be a set of protein sequences
whose structure is known. Then, TDPy = ftdp j
tdp = Fo(p);p 2 PSg 1 TDg represens the set of
known structures of protein sequence®f PS. More-
over, TDPg = ftdp jtdp = F(p);p2 PSg 1 TDg
represerts the set of predictions yielded by F for the
protein sequencesn PS. Recall that for those pro-
tein structures or portions thereof that F is not able
to predict, the special symbol " is used.

De nition
PS the set

Ce (PS;C(9) = thp;C(A(Fo(p); F ()i jp2 PSg

i.e., the set of covers of eat prediction w.r.t. the
exact structure. Functions C and A are asde ned in
the previous section. -

4 De ne the cover of a predictor F over



Note that we have de ned the cover of a predictor
as a function of the cover betweentwo single struc-
tures. The sameidea canbe usedfor de ning its local
and global precisioncoetcients. In orderto de ne the
precisioncoexcients assaiated to a predictor we have
to takeinto accourt that existing predictors might ex-
ploit training setsof proteins for tuning their param-
eters and, therefore, the predictions of these proteins
might be biasedby the training process.This is dealt
with by introducing, in the formulae below, a weigh-
ing function ° (p;F).

De nition 5 De ne the local precision
Pe, (PS;C(9)  (resp., the gloal precision
Pr,(PS;C(9)) of F over PS and under the
cover C as:
P
° (p;iF )E Pi(A(Fo(p)iF (p));C(9)

PF|(PS;C(©) = P REES iPSj
° (piF )E Pg(A(Fo(p);F (p)):C(9)

IPSj

p2PS

Pe,(PS;C(9) =

where ° (p;F) is a function usedto take into accourt
the possibleexploitation of training setsand is de ned
as:

*(mE) =
0:8 if p belongsto the training set of F
1 otherwise
|

Thus, the local (resp., global) precisionof F is ob-
tained by averagingthe local (resp., global) precisions
of its predictions over protein sequencesn PS.

As will be clear in the following, the measuresde-
‘ned above play a certral role in the selectionof the
teams of predictors to be jointly applied.

5 Measures relating di®erent prediction tools
We are now able to illustrate the fourth step of our
framework for relating di®eren protein structure pre-
dictors. As pointed out in the Introduction, one of
the main problemsto be dealt with in this context is
that of comparingthe inputs and the outputs of di®er-
ent predictors as expressedwith di®eren formalisms.
Properties 1 and 2 allow us to translate the valuesof
single predictors domains into the values of the ref-
erencedomains SDy and TDg and to expressall the
functions assaiated to the predictors in terms of SD
and TDg asexplainedin Section2.3. In this section,
as in the previous one, we supposeto have at dis-
posal the exact predictor Fo which, for every protein
sequencep is able to yield the exact structure of p.
Moreover, the set PS of protein sequencesxploited
below is supposedto correctly represen the predic-
tion problem to be addressed.

We begin by de ning the a+nity coexcient of a
pair of predictors. This can be exploited, along with
precision coexcients de ned above, to drive the se-
lection of teams of predictors to be applied together
over a prediction problem.

De nition 6 The azxnity of two predictors F; and
F» over a setof protein sequence® S under the cover
de nition C is de ned as:

Pg(A(F1(p);F2(p));:C (9)
iPSj

p2Ps

" (F1;F2;C(9;PS) =
where C, Py and A are asde ned in Section 3. n
Roughly speaking, the atnit y coetcient gives a

measureof how much F; and F, give the samere-
sults for the same input protein sequence. This is

doneby directly comparing the predictions of F; with
those of F», instead of relating them with the protein
structures yielded by the exact predictor Fo. This
measure is useful to characterize the behaviour of
the predictors when working on proteins for which
the structure is not known (note, by the way that
" (F1;F2;,C(9;PS) = " (Fa;F1;C(Q;PYS)).

In the previous sectionswe have de ned the cover
of a single predictor over a set of protein sequences.
When consideringse\eral predictors working together
as a team, it is meaningful to measurethe, so as to
sa, cumulative or glokal cover of the team.

De nition 7 Given a team of predictors T =
the conjunctive cover of the predictions of T over a
protein sequencep the set

Cr,:» (p) = ftdpo[i; j]] tdpo = Fo(p);
1- 0. j - jtdpoj;(8N(i - I+ )
(HA(Fo(p); F1(p)); 1) - tho)?
(HAFo(p); F2(p));1) - thy) ~ rion
(HA(Fo(p); Fn(p)) - thy);
(OK)(HA(Fo(p); Fk(p);ii 1) > thy;
+HA(Fo(p); Fk();j + 1) > ths)g

and, analogously de ne the disjunctive cover of T
over a protein sequencep the set

Cr,._(p) = ftdpo[i; j1j tdpo = Fo(p);
1.0 j - jtdpoj;(8NGi - I+ )
(H(AFo(p); F1(p);1) - ths)_
(HAFo(p); F2(p)); 1) - thy) _rii_
(HA(Fo(p); Fn(p);1) - thy);
(8K)(H(A(Fo(p); Fk(p);ii 1)> thy;
+HA(Fo(p); Fk(P):j + 1) > thy)g

De nitions above, referring to a single protein se-
quence,are easily extendedto the set PS of protein
sequencess follows:

Cr:~(PS) = thp;Cr,:~ (P)ij P2 PSg
Cr. (PS) = thp;Cr,;_(p)ij p2 PSg

The de nitions above are quite useful to measurethe
cumulativ e ability of a team of predictors T to cor-
rectly predict the structure of a protein; in particu-
lar, the conjunctive de nition correspondsto a more
\conservative" analysis attitude than the disjunctive
one.

Using the de nitions above, we next de ne the
conceptsof local and global precisionsof a team T
of predictors when applied over the set PS of pro-
tein sequencesDi®ererily from precision de nitions
provided in the previous section, the following ones
allow to characterize the behaviour of a team of pre-
dictors as a whole. In particular we can de ne local
(resp., global) conjunctive and disjunctive precision
coezxcients assaiated to a team T as follows:

De nition 8 De ne the local conjunctive precision
(resp., local disjunctive precision) of ateam T of pre-
dictors over PS and under the cover Ct.» (resp.,
Cr, ) as:
3 ,
P maX {12Cq;a (p)t1]
iFo(p)i

iPSj

p2Ps

Prn(PS;Cria(9) =




3
P max t|2CT:_(p)j‘|j
p2PsS iFo(p)i
IPS]

Pr._(PS;Cr,_(9) =

and the glokal conjunctive precision (resp., glokal dis-
junctive precision) of a team T of predictors as:

AP !
P qzcy
p2pPs  iFo(Mi
PTg;" (PS; CT;" ((])) = APjpsj |
P tj2Cy . (p)jllj
p2Ps  ITFo(PMI
Pr,. (PSiCr; (9) = =5

Those measures,might be usedto both validate
the selectionof the predictors to beincluded in ateam
and to foretell the capability of the team to improve
the prediction quality w.r.t. the application of the
single tools separately

Note that, teams of predictors having high con-
junctiv e precision coetcients have the characteris-
tic to correctly predict the same portions of protein
structures, resulting in a high con dence that sud
predictions are indeed reliable. This characteristic
can be e®ectiely exploited to predict the structure
of unknown proteins.

In order to shav how measuregle ned sofar might
be exploited to drive the selection of the team, con-
sider the following examples.

Example 2 Supposeto have a set of three predic-
tors fFq1; F2; F3g sud that F; works on energy min-
imization, F, exploits intraglobular cortacts and F3
exploits homology modeling techniquesand a setP S
of protein sequencesepresetting the prediction prob-
lem to be addressed.

One may be interested in obtaining the team of
predictors to be jointly usedin order to attain suz-
ciertly high precisions(high predictor axnit y) mini-
mizing, at the sametime, the number of predictors to
be used. This problem can be formalized as a linear
programming problem as follows:

P
min jTji ¢ 2r " (Fi;F;C(9;PS)
Pr,._ (PS), k
> T 2 ff F10,fF20,fF3g; fF1; F2g; fF2; Fag;
fF1;F2; F3gg

Analogously, if oneis interestedin maximizing the
global precision coexcient Pt ; de ned in Section5
by exploiting at mostk predictors, the following linear
programming problem can be formalized:

g max By . (PS)+
ror et (FiiFjiC(9;PS)

Tj- k
2 T 2 ff F10,f Fog; f Fag; f F1; Fog; f Fo; Fag;
fF1;F2; Fagg

Examples above clearly shov some of the model-
ing features provided by our framework. In the next
Section we showv how the results provided by a team
might be exploited for obtaining a unique prediction.

6 Generating a unique prediction from the

predictions of a team

The last step of our framework is intended to de ne a
technique for obtaining one, and as accurate as pos-
sible, prediction from the set of predictions yielded

by ateam T. Predictors in T are supposedto work
independertly. It isimportant to stressthe fact that,

in our framework, the selectionof the team is asim-
portant as the precision of the single predictors. In

Section 8 we shav how the team selectiontask can be
carried out by exploiting a multi-agent system based
on the framework described here.

an input protein sequencep of length k and the set
of protein structure predictions yielded by T when
applied on p, in order to obtain a single prediction
three support structures are used:

2 A matrix TDP, having n rows and k columns,
containing the n predictions. In particular, eath
row i of TDP is assaiated to the predictor
Fi and contains its prediction. The elemen
TDPIi; j] refersto the j-th elemen of the pre-
diction of Fj, i.e. Fi(p)[j]. We usethe notation
TDPIi] to indicate the wholerow i of TDP, i.e.
Fi(p). Predictions stored in TDP are supposed
to be superposedas described in Section 3.

2 An array P of n elemerns ead storing the global
precision coexcient of the corresponding predic-
tor, i.e. P[i] = Pp,g(PS;C(cp) (seeSection 4 for

the de nition of Pr,, (PS; C(9)).

2 A matrix M having n rows and k columns in
which ead elemen M [i; j ] storesthe plausibility
of the element TDPJi; j] to be a correct predic-
tion. Mi; j] is obtained as follows:

. . P
M[i;j]= ®E X2YTDP;ij ) P[x]+
(1 ®) £ JATDP;i;|)j

here ® is a weighting coezxcient belongingto the
real interval [0; 1], usedto weight the importance
of the precision coexcients w.r.t. the quartity of
equalpredictions, whereasthe function %takesin
input the matrix TDP, two indicesi and j and
yields the set of rows f xg cortaining predictions
suzciently similar to TDP[i; j]; formally:

ATDP;i;j)=fx | TDP[x;j]6 "
HTDP[x];TDPJi];j) - th.g

The nal prediction tdpt is obtained by suitably com-
posing the n predictions yielded by the team T ac-
cording to the information storedin M. In particular,
tdpt = tdpt[1;k] where eadh element tdpt[j] (2 -

j - k) is obtained as follows:

tdpr[j]1= TDP[i;j] suchthat
MI[i;j] = maxy. x. n\M[X]]

If more than one maximum exists in column j of
M corresponding to di®erert elemens in TDP, the
one corresponding to the predictor with the highest
local precision coexcient (seeSection4) is chosen.

7 A practical example
In this section we proposea practical example of ap-
plication of our framework. In particular, we ana-
lyze the behaviour of three predictors, namely the
Swiss-Malel (Guex & Peitsch 1997) (in the following
SM), the CPHmodels (Lund et al. 1997) (in the fol-
lowing CM ) and the DOE FOLD Server (Fischer &
Eiserberg 1996) (in the following DF). While SM
and CM are homology modeling basedtools, DF ex-
ploits threading techniquesto perform its predictions.
The three tools have beenapplied on a simple set
of three protein sequence® S = f Azurin, Amicyanin,
Plastocyaning, belonging to the family cupredoxins,



for which the three dimensional structure is known.
The referencethree dimensional structures, i.e. the
predictions yielded by the exact predictor Fq in our
framework, have beentaken from the Protein Data
Bank (Berman et al. 2000)and their data bank ertries
are 1AZU, 1AAN and 1PLC, resp.

First we have computed the anity coexcients
relating SM, CM and DF by applying the predic-
tors on the three input protein sequencesand com-
paring their results for eat prediction; we obtained
"(SM;CM;C(9;PS) = 0:79 which indicates that
the results of SM and CM, when applied on pro-
tein sequencesof PS, are indeed similar. More-
over, we computed' (SM;DF;C(9;PS) = 0:42 and
' (CM;DF;C(9;PS) = 0:4 which tell usthat the re-
sults of DF, when applied on protein sequencesof
PS, are not particularly related to neither SM nor
CM

The computation of the local precision of the sin-
gle predictors on P S yielded Psm, (P S; C(¢) = 0:26,
Pcm, (PS;C(9) = 0:49 and Ppg, (PS;C(9) = 0:06
indicating that, on average, CM is capableto cor-
rectly predict longer contiguous portions. Howewer,
the analysisof the global precisioncoezcient returned
Psm,(PS;C(9) = 0:54, Pcyw,(PS;C(9) = 0:56 and
Por,(PS;C(9) = 03 indicating that, overall, SM
and CM have the same performances,whereasD F
is lessprecise,when applied on the protein sequences
included in PS.

We have then analyzed the performances
of the team T = fSM;CMg obtaining
Pr~(PS;C(9) = 032, Py, (PS;C(9) = 0:61,
Pr,~(PS;C() = 0:65 and Pr,; (PS;C(9) = 071
represening, respectively, the local conjunctive
precision, the local disjunctive precision, the
global conjunctive precision and the global dis-
junctive precision of the team T. For instance,
Pr,.~(PS;C(9) = 0:65 indicates that, on average,
the team is capable to contemporarily yield correct
predictions for 65% of the protein structure.

Finally, in order to test our framework on a pro-
tein sequencefor which the structure is not known,
we have applied the team T%= fSM;CM;DFg to
the Uclacyanin 1 (UCCL1 for short) from Arabidop-
sis thaliana which is a member of the phytocyanin
family cupredoains (Nersissian, Immoos, Hill, Hart,
Williams, Herrmann & Valentine 1998). In particu-
lar, “rst we have applied the three toolsto UCC1 in
order to construct the prediction matrix TDP. The
array P, storing the global precisioncoezxcients of the
tools is P = [0:54; 0:56; 0:3]. For the sake of clarity,
in Figure 1 we have depicted, just for the “rst three
aminoacids of UCC1, the corresppndencesbetween
the predictions of the three tools. As an example,the
OK relativeto SM and DF indicates that SM and
DF vyield suzciently similar predictions for the “rst
aminoacid. Note that sud matrices are not actually
computed, but their ertry values are implicitly en-
coded in the rows x of TDP yielded by the function
%

Recall that elemegs of the matrix M are de-
rivedasM[i;j]= ®E  ,,y7ppij) PXI+ (17 ®EF
JATDP;i; j)j. In our experiments, we have exploited
a value of ® equal to 0.5. Following the correspon-
dencesshown in Figure 1.awe canderive, for the rst
aminoacid of UCC1, the following values:

M[0;0] = ®E (P[0]+ P[2)+ (1| ® £ 2=
= 0:5£ 0:84+ 0:5£ 2= 1:42
M[1,0]= ®Ff P[1]+ (1] ®) £ 1=
= 0:5£ 0:56+ 0:5£ 1= 0:78
M[2,0]= ®£ (P[0]+ P[2)+ (1| ® £ 2=
= 0:5£ 0:84+ 0:5£ 2= 1:42

As for the secondand the third aminoacid of UCC1,
following the correspondencesdepictedin Figures 1.b
and 1.c resp., we have:

M[0;1]= ®£ (P[0]+ P[1]) + (1 ®) £ 2= 1.55
M[1;1] = ®£ (P[0]+ P[1]+ P[2])+ (1; ®)£ 3= 2:2
M[2;1]= ®E£ (P[1]+ P[2))+ (1 ®) £ 2= 1:43
M[0;2]= M[1;2]= M[2;2] =

= ®£ (P[0]+ P[1]+ P[2]) + O:5£ 3= 2:2

Remaining elemens of M are obtained analogously
In Figure 2 the rst elemens of M are shown.
Recall that elemeris of the "nal prediction tdpto
are obtained as tdpro[j] = TDPJi;j] sud that
MTi;j] = maxi. x. nM[x;j] and, if more than one
maximum exists in column j of M, the one cor-
responding to the predictor with the highest lo-
cal precision coezcient is chosen. In Figure 2 cir-
cled elemerns are those corresponding to the maxi-
mum values of M computed in a column-wise fash-
ion. The nal prediction tdpto is given by tdpto =
[TDP[C;0]; TDP[L;1]; TDPI[L; 2];:::].

This example clearly illustrates the advantages of
exploiting our framework in the context of collabo-
rative protein structure prediction. Indeed, by an-
alyzing both predictor precision coetcients and the
coezxcients assaiated to the team T it is easyto guess
that, accordingto the results extracted using our test
set PS, the exploitation of the DF tool would be
not helpful to improve the prediction quality. This
intuition is con rmed by the example where, by ap-
plying the team T ©, cortaining alsoDF, on a protein
of unknown structure belongingto the samefamily as
those composing P S, only the results yielded by SM
and CM are exploited to construct the nal team
prediction.

8 Application of the framew ork to multi-
agent systems

The framework described in this paper, has been
exploited for the de nition of a multi-agent sys-
tem called X-MA CoP (XML Multi-Agent system
for the Collaborative Prediction of protein struc-
tures) supporting usersin the prediction of the three-
dimensional structure of proteins. Due to spacecon-
straints we give here only a brief description of the
system. The interested reader can nd all details in
(Garro, Terracina & Ursino 2002, Garro, Terracina &
Palopoli 2002).

X-MA CoP automatically performs the following
tasks: (i) selectionof ateam of predictors to bejointly
applied to the prediction problem of interest for the
user; (i) integration of the predictions yielded by the
predictors of the team for obtaining a unique predic-
tion to be proposedto the user; (iii) (possible)trans-
lation of the predictor inputs and outputs in sudc a
way that a user handlesa unique data format.

X-MA CoP consistsof two kinds of agerts, namely
the User Agent and the Predictor Agent.

A generic User Agent UA; is assaiated with a
user u; and assistsher/him in carrying out predic-
tion tasks (we call prediction task the set of activities
necessaryfor predicting the three-dimensional struc-
ture of a protein). In particular, for ead prediction
task ¢x, assaiated with the prediction of the three-
dimensional structure of a protein py,UA; providesu;
with the following services:

2 Support for de ning the setP S of proteins to as-
scciate with the prediction task ¢x and describing
the prediction problem of interest for the user.

2 Computation of the precision coexcients of a
Predictor P; w.r.t. the proteins of PS.



First Aminoacid Second Aminoacid Third Aminoacid

SM CM DF SM CM DF SM CM DF

SM| OK | NO | oK SM| OK | OK | NO SM| OK | OK | OK

CM| NO | OK | NO CM| OK | OK | OK CM| OK | OK | OK

DF| OK | NO | OK DF| NO| OK | OK DF| OK | OK | OK
a b c

Figure 1: Somecorrespondencesbetweenthe predictions of the three tools

1.5

2.20

220

1.43

22| ..

Figure 2: The rst columns of the derived matrix M

2 Construction of a Predictor Team Ty for UA;
and ¢ ; sudh ateam is constructed by considering
both the precisionof the predictors when applied
on PS and someinterest parametersset by u;.

2 Prediction of the three-dimensional structure of
p« obtained by integrating the results returned
by the Predictor Agents of Tix when applied on

Px -

A Predictor Agent is assa@iated with a speci ¢
prediction tool and collaborates with both the User
Agent and other Predictor Agents in the system for
both de ning predictor teams and carrying out pre-
diction tasks. A Predictor Agent PA; providesa User
Agent UA;, handling a prediction task ¢, with the
following services:

2 prediction of the three-dimensional structure of
the proteins composing the set PS which UA;,
or another Predictor Agent PA;, supplied to it;

2 suggestionof other Predictor Agents, unknown
to UA;, which might be consideredfor the com-
position of the Predictor Team Ty assaiated
with UA; and ¢é;

2 prediction of the three-dimensional structure of
a protein py.

Finally, PA; hasin chargethe managemen of the
prediction tool assaiated with it and the (possible)
translation of both input and output data from the
format exploited in X-MA CoP to the format required
by its prediction tool, and vice versa.

When a user u; needs to predict the three-
dimensional structure of a protein, say px, the asso-
ciated User Agent UA; performs the following tasks:

2 Construction of a suitable team Ty, of Predictor
Agerts;

2 Requestto the Agents of Tiy, to predict the three-
dimensional structure of py;

2 Composition of the results returned by the Pre-
dictor Agents of T .

In order to construct Ty, UA; interacts with the
Predictor Agents storedin its ontology. In particular,
if we considerone of thesePredictor Agerts, say PA;,
the interaction consistsof the following steps:

2 UA; requires PA; to predict the three-
dimensional structure of the proteins of P S;

2 PA; requires its underlying prediction tool to
carry out such a task; the results returned by
the tool are, then, sert to UA;;

2 UA; computesthe precision degreesof PA; pre-
dictions; if they correspond to userrequiremerts,
PA; is put in Ty and UA; requiresPA; to sug-
gest other Predictors. The computation of the
precision degreesof a Predictor on a set of pro-
teins is performed as described in Section 4.

2 PA; selectsall Predictor Agerts stored in its on-
tology, currently not presert in the ontology of
UA;, and requiresthem to sendto UA; their pre-
diction on the set of proteins of PS.

2 After all these predictions have been receiwed,
UA; computes their precision degrees;all Pre-
dictors having precisiondegreescorresponding to
user requiremerts are put in Ty and in the on-
tology of UA;.

2 The nal team is obtained by computing the pre-
cision degreesof Ty on PS, asdescribed in Sec-
tion 5, and by adjusting the team in order to
satisfy user requiremerts on the number of pre-
dictors to be exploited and the desired precision
degrees.

2 Finally, UA; sendsto PA; the list of Predic-
tor Agents of its ontology. Let PAq be one of
them. If PAq is not presert in the ontology of
PA;, PA, is inserted in the ontology of PA;.
In this way PA; ontology is enriched with the
addition of other Predictor Agents whose be-
haviour is presumably similar to that of PA;.
Note that this processbecomesparticularly in-
teresting when many User Agents interact with
di®erert Predictor Agents. In order to maintain
its ontology at a reasonablesize, PA; removes
from it the Predictor Agents not selectedin any
team for a long period.

After Ty hasbeenconstructed, UA; askseadt Pre-
dictor Agent belongingto Ty to carry out and return
its prediction on px. Then, UA; integratesall thus ob-
tained predictions for producing a unique prediction
about the three-dimensionalstructure of pc. This last
task is performed as explained in Section 6.



9 Conclusions

In this paper we have proposeda framework allow-
ing to (i) de ne a common application domain for
di®erert prediction tools, (i) characterize single pre-
dictors, (iii) characterize the performancesof a team
of predictors to be jointly applied and (iv) obtain a
unique prediction from the team. We have alsoshavn
that the framework provides a formalism allowing to
easily handle di®eren predictors.

Moreover we have shonvn how the proposedframe-
work has been exploited for the de nition of the X-
MA CoP multi-agent system supporting usersin the
task of predicting the three-dimensional structure of
proteins.

As far ascurrent and future work is concerned,we
are implemerting the X-MA CoP multi-agent system
basedon the proposedframework. Moreover, we plan
to extensiwely test our systemin order to verify its
e®ectieness.
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