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ABSTRACT. Adversedrugreactions(ADRs)areestimatedto beoneof theleadingcauses
of death.Many nationalandinternationalagencieshave setup databasesof ADR reports
for the expresspurposeof determiningthe relationshipbetweendrugsandadversereac-
tionsthatthey cause.Weformulatethedrug-reactionrelationshipproblemasacontinuous
optimizationproblemandutilize C-GRASP, anew continuousglobaloptimizationheuris-
tic, to approximatelydeterminetherelationshipbetweendrugsandadversereactions.Our
approachis comparedagainstothersin theliteratureandis shown to �nd bettersolutions.

1. INTRODUCTION

An adversedrugreaction(ADR) is theonsetof anuntowardmedicalconditioncaused
by theadministrationof atherapeuticdrug[6]. In theUnitedStates,� vepercentof hospital
admissions,28percentof emergency roomvisits,and� vepercentof hospitaldeathscanbe
attributedto ADRs [20]. ADRsareoftennot recognizedduringthetestingphaseof anew
drug,asthesetestingstudiesaregenerallysmall-scaleandof shortduration. Thus,most
ADRs aredetectedasa resultof post-marketing studies,i.e. whenthe drug is available
and prescribedto the generalpublic. The U.S. Food and Drug Administration(FDA),
TheWorld HealthOrganization(WHO), aswell asothercountriesandorganizations,have
createddatabasesof ADRsreportedby practicingphysiciansandhospitals[2, 3, 18, 19].

The adversedrug reactionproblemcanbe setup asfollows. Considern patients,m
drugs,andc possiblereactionclasses.Eachof then patientshastakena known subsetof
them drugs. In addition,eachpatientexhibits symptomsfrom a subsetof thec possible
reactions.The goalof theadversedrug reactionproblemis to determine,for eachdrug-
reactionpair f d; rg, aweightor probability, thatdrugd is thecauseof theadversereaction
r. Many solutionsbasedon optimizationtechniqueshave beenproposedfor the ADR
problem[1, 6, 10, 11, 12, 13, 14, 15, 17, 20, 21]. The approachof Mammadov et al.
[13, 14,15] (hereinreferredto astheMammadov Algorithm) setsup theADR problemas
anonlinearoptimizationproblemsubjectto boundconstraints.

In thispaper, weproposeamodi�cation to theMammadov etal. formulation.Wesolve
an instanceof this continuousoptimizationproblemusingreal datafrom the Australian
AdverseDrug ReactionDatasetwith C-GRASP(continuousGRASP),a new continuous
global optimizationheuristic[7, 8, 9]. To analyzetheperformanceof our algorithm,we
alsoexaminetheaverageprecisionmetric[13,14,15],aswell asproposetwo new metrics.
The paperis organizedasfollows. We begin, in Section2, by describingthe Australian
adversedrugreactiondataset.In Section3, we introduceboth theMammadov algorithm
aswell asour modi�cations of the Mammadov formulation. C-GRASPis describedin
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Section4. We compareourapproachwith theapproachof Mammadov et al. in Section5.
Finally, Section6 providesconcludingremarksandfutureresearchdirections.

2. AUSTRALIAN ADR DATASET

Theaimof theAustralianAdverseDrugReactionAdvisoryCommittee(ADRAC) is to
detectsignalsfrom adversedrug reactionsasearly aspossible[2]. The ADRAC dataset
contains137;297recordscollectedfrom 1971to 2001.Thereexist 18 systemorganreac-
tion classes,oneof thosebeingthecardiovascularclass.Thecardiovascularreactionclass
is brokendown into four subclasses.We limit our studyto datathathasat leastonereac-
tion from thecardiovascularclass.Therefore,for eachrecordof thedataset,thereare� ve
possiblereactionsto consider. Four arefrom thecardiovascularclassanda �fth reaction
encompassesall reactionsthatarenotpartof thecardiovascularclass.

For thedatawe received1, eachrecordcorrespondsto a patient. Eachrecordcontains
26�elds. The�rst ten�elds representupto tendrugsthatthepatientwasprescribed.Each
drugis representedasa uniqueidenti�cation number. If apatienttook lessthantendrugs,
thenthe remainingdrug �elds aresetto 0. Fields11 through15 containa binary vector
representingwhich reactionswereobservedfor thepatient.Field16containstheyearthat
this ADR waswrittenand�elds 17 through26containa binaryvectorrepresentingwhich
of the drugsin the �rst ten �elds aresuspectedof causingthe observed reactions,in the
opinionof thedoctorwriting theADR. As anexample,considerthefollowing record:

f 1984;4871;5544;0;0;0;0;0;0;0;1;0;0;1;1;1972;0;1;0;0;0;0;0;0;0;0g:

This adversedrug report was written in 1972. The patientwas prescribeddrugs1984,
4871,and5544. Reactions1, 4, and5 occurred.Thedoctorwriting thereportwasof the
opinionthatdrug4871causedtheobservedreactions.

3. ADR PROBLEM FORMULATION

Webegin thissectionby presentingtheMammadov algorithm.Wedescribetheproblem
formulationaswell asthesolutiontechnique.Wethenpresentourmodi�cation to this for-
mulation.

We�rst introducesomeessentialnotation.Let nbethenumberof patientsin thedataset,
mbethetotalnumberof drugsoverall patients,andc bethenumberof possiblereactions.
Let Xa bethen� m binarymatrixde�ned as

Xa
i; j =

(
1 if drug j wasprescribedfor patienti
0 otherwise,

wheredrug j refersto the j-th drug in the dataset. The matrix Xa correspondsto the
patient/druginformationif we considerall prescribeddrugsfor eachpatient. In a similar
way, we cande�ne Xs to representthe patient/druginformationif we only considerthe
suspectdrugsfor eachpatient,as

Xs
i; j =

(
1 if drug j is asuspectdrugfor patienti

0 otherwise.

1Datawasreceivedfrom MusaMammadov onApril 6, 2006in privateemailcommunication.
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WeassumethatXs
i; j = 1 =) Xa

i; j = 1. LetY bethen� c binarymatrixde�ned as

Yi;k =

(
1 if reactionk wasobservedfor patienti
0 otherwise

thatrepresentswhich reactionswereobservedfor eachpatient.Wearetaskedwith �nding
them� c matrixW, whereWj ;k is theweight,or probability, thatdrug j causesreactionk.

Thegoalof theMammadov algorithmis to minimize

(1) F(W; p; X) =
1
n

n

å
i= 1

h
kYik

� p
1 � k

kYik1

kXiWk1
(XiW) � Yik2

2

i
;

wherep 2 Z andX 2 f Xa;Xsg, suchthat0 � W � 1. However, sincethesizeof this opti-
mizationproblemcanbevery large,theMammadov algorithmdoesnotsolvethisproblem
exactly. Rather, it solvesanapproximationto this problemwhichwenext describe.

For drug j, de�ne X[ j] to bethesetof all patientsthatwereonly prescribeddrug j, i.e.

X[ j] = f i 2 f 1; : : : ;ng j Xi; j = 1^ Xi; j0 = 0; 8 j06= jg:

In a similar way, de�ne Xall [ j] to be thesetof patientsthat wereprescribeddrug j. It is
clearthat X[ j] � Xall [ j]. The solutiontechniquetaken in theMammadov algorithmis to
compute

Wj ;k =

(
W�

j ;k if ajX[ j]j + 100b jX[ j]j
jXall [ j]j � r �

W��
j ;k otherwise,

where

(2) W�
j ;k =

h
å

i2X[ j]

kYik2� p
i � 1

�
h

å
i2X[ j]

kYik1� pYi;k

i
;

W��
j ;k =

h
å

i2Xall [ j]

kYik2� p
i � 1

�
h

å
i2Xall [ j]

kYik1� p rem(Yi;k)
jD00[i]j

i
;

D00[i] is thesetof all drugsprescribedto patienti whoseweightsarenot calculatedusing
Equation(2), and rem(Yi;k) canbe seenas the remainderof the reactionavailableafter
accountingfor thedrugs j whoseweightsarecomputedusingEquation(2). In all experi-
mentsto follow, a, b, andr � weresetto 1, 1, and80,respectively.

3.1. Modi�cation to the ADR formulation. As seenabove,theMammadov formulation
allows X to beeitherXa or Xs. We proposeto considerX asa convex combinationof Xa

andXs, i.e. X(b) = bXa + (1� b)Xs, whereb 2 [0;1] is unknown. Thus,X(b) is aconvex
combinationof all drugsandsuspecteddrugsfor eachpatient.Lookedat in anotherway,
thisde�nition of X canbeseenasproviding adiscountmeasureto thenon-suspecteddrugs,
as,for eachpatient,thesuspectdrugsarefoundin bothXa

i andXs
i . Our formulation,

(3) min
W;b

F(W; p; X(b)) 3 0 � W;b � 1;

is a minimization problemwith unknowns W and b. Note that the objective function,
de�ned in Equation(1), is anonlinearfunctionin bothW andb.
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4. CONTINUOUS GRASP

FeoandResende[4, 5] describethemetaheuristicGRASPasa multi-startlocal search
procedure,whereeachGRASPiterationconsistsof two phases,aconstructionphaseanda
localsearchphase.In theconstructionphase,interactionsbetweengreedinessandrandom-
izationgenerateadiversesetof good-qualitysolutions.Thelocalsearchphaseattemptsto
improve thesolutionsfoundby construction.Thebestsolutionover all of themulti-start
iterationsis retainedasthe�nal solution.

Hirsch et al. [7] describeContinuousGRASP(C-GRASP),an adaptationof GRASP
to handlecontinuousoptimizationproblems.C-GRASPworksby discretizingthedomain
into a uniform grid. Both the constructionand local improvementphasesmove along
pointson thegrid. As thealgorithmprogresses,thegrid adaptively becomesmoredense.
C-GRASPresemblesGRASPin thatit is a multi-startstochasticsearchmetaheuristicthat
usesa randomizedgreedyconstructionprocedureto generatestartingsolutionsfor a local
improvementalgorithm. The main differenceis that an iterationof C-GRASPdoesnot
consistof a singlegreedyrandomizedconstructionfollowed by local improvement,but
rathera seriesof construction-localimprovementcycleswith the outputof construction
servingastheinputof thelocal improvement,asin GRASP. Unlike GRASP, however, the
outputof theC-GRASPlocal improvementprocedureservesastheinputof theC-GRASP
constructionprocedure.

Hirschetal. [9] proposedmodi�cationsto theoriginalC-GRASPalgorithm,resultingin
asigni�cant decreasein thenumberof objective functionevaluationsrequiredto converge
to theglobaloptimum.In theremainderof thissection,wedetailthisversionof C-GRASP,
alongwith changesspeci�edto handletheformulation(3).

4.1. The heuristic. Pseudo-codefor the C-GRASPheuristicis shown in Figure1. The
proceduretakesasinput the problemdimensionn, lower andupperboundvectors` and
u, the objective function f (�), aswell asthe parametersMaxi, andr lo. ParameterMaxi
de�nes the numberof iterationsto performin the C-GRASPalgorithmwhile parameter
r lo de�nes theportionof theneighborhoodof thecurrentsolutionthat is searchedduring
thelocal improvementphase.

Line 1 of thepseudo-codeinitializestheobjective functionvalue f � of thebestsolution
foundto in�nity . While theC-GRASPimplementationsof [7, 9] aremulti-startprocedures,
becauseof thesizeof theADR problem(seeTable2),wedonot implementC-GRASPasa
truemulti-startalgorithm.Rather, we performa singlemulti-startiteration.Line 2 initial-
izesthesolutionx to a randompointdistributeduniformly over thebox in Rn de�ned by `
andu. Theparameterh, thatcontrolsthediscretizationdensityof thesearchspace,is ini-
tializedto 0:1. Theconstructionandlocal improvementphasesarethencalledsequentially
in lines7 and8, respectively, Maxi times. Thesolutionreturnedfrom the local improve-
ment procedureis comparedagainst the currentbestsolution in line 9. If the returned
solutionhasa smallerobjective valuethanthecurrentbestsolution,then,in lines10–11,
thecurrentbestsolutionis updatedwith thereturnedsolution. In line 13, if thevariables
ImprC andImprL arestill set to false , thenthe grid densityis increasedby halving h,
in line 14. The variableImprC is false uponreturnfrom the constructionprocedureif
andonly if no improvementis madein theconstructionphase.Section4.3shows thatthe
ImprL variableis false onreturnfrom thelocal improvementprocedureif andonly if the
input solutionto local improvementis determinedto beanh-local minimum. We increase
thegrid densityat this stagebecauserepeatingtheconstructionprocedurewith thesame
grid densitywill not improve thesolution. This approachallows C-GRASPto startwith
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procedureC-GRASP(n;`; u; f (�);Maxi; r lo)
1 f �  ¥ ;
2 x  UnifRand(`; u);
3 h  0:1;
4 for i = 1; : : : ;Maxi do
5 ImprC  false ;
6 ImprL  false ;
7 [x; ImprC]  ConstructGreedyRandomized(x; f (�);n;h; `; u; Impr C);
8 [x; ImprL]  LocalImprovement (x; f (�);n;h; `; u; r lo; ImprL);
9 if f (x) < f � then
10 x�  x;
11 f �  f (x);
12 end if
13 if ImprC = false and ImprL = false then
14 h  h=2; /* makegrid moredense*/
15 end if
16 end for
17 return(x� );
endC-GRASP;

FIGURE 1. Pseudo-codefor C-GRASP.

a coarsediscretizationandadaptively increasethedensityasneeded,therebyintensifying
thesearchin a moredensediscretizationwhena goodsolutionhasbeenfound. Thebest
solutionfound,at thetime thestoppingcriteriaaresatis�ed,is returned.

4.2. Construction procedure. In this section,we describein detail theconstructionpro-
cedure.Theconstructionalgorithmcombinesgreedinessandrandomizationto producea
diversesetof good-qualitysolutionsfrom whichto startthelocal improvementphase.The
constructionalgorithmis shown in Figure2. Theinputis asolutionvectorx. To start,line 1
of thealgorithmallows MaxUnFixed(user-de�ned parameter)coordinatesof x to change
in thecurrentconstructioncall (i.e. thesecoordinatesareun�x ed). In turn, in line 10 of
thepseudo-code,if ReUseis false , a line searchis performedin eachun�x edcoordinate
directioni of x with theothern� 1 coordinatesof x heldat theircurrentvalues.In lines10
and11of thepseudo-code,thevaluezi for thei-th coordinatethatminimizestheobjective
function,togetherwith theobjective functionvaluegi , aresaved. In line 11, �xi denotesx
with thei-th coordinatesetto zi .

After looping throughall un�x ed coordinates(lines 7–16),in lines 17–23a restricted
candidatelist (RCL) is formedcontainingthe un�x ed coordinatesi whosegi valuesare
lessthanor equalto g

¯
+ a � (ḡ � g

¯
), whereḡ andg

¯
are, respectively, the maximumand

minimumgi valuesoverall un�x edcoordinatesof x, anda 2 [0;1] is randomlydetermined
in line 2. In line 24,acoordinateis chosenatrandomfrom theRCL, saycoordinatej 2 RCL.
Line 25 checkswhetherx j andzj areequal. If so, line 26 setsReUseto thevaluetrue .
Otherwise,in lines 28–30,ReUseis set to false , Impr C is setto true , andx j is set to
equalzj . Finally, in line 30,we �x coordinatej of x, by removing j from thesetUnFixed.
Choosinga coordinateby selectingat randomfrom theRCLensuresbothgreedinessand
randomnessin the constructionphase.The above procedureis continueduntil all of the
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procedureConstructGreedyRandomized(x; f (�);n;h; `; u; Impr C)
1 UnFixed  RandSelect(f 1;2; : : : ;ng;MaxUnFixed);
2 a  UnifRand(0;1);
3 ReUse false ;
4 while UnFixed 6= /0 do
5 g

¯
 + ¥ ;

6 ḡ  � ¥ ;
7 for i = 1; : : : ;n do
8 if i 2 UnFixed then
9 if ReUse= false then
10 zi  LineSearch (x;h; i;n; f (�); `; u);
11 gi  f ( �xi);
12 end if
13 if g

¯
> gi then g

¯
 gi ;

14 if ḡ < gi then ḡ  gi ;
15 end if
16 end for
17 RCL /0;
18 Threshold  g

¯
+ a � (ḡ� g

¯
);

19 for i = 1; : : : ;n do
20 if i 2 UnFixed and gi � Threshold then
21 RCL RCL[ f ig;
22 end if
23 end for
24 j  RandomlySelectElement(RCL);
25 if x j = zj then
26 ReUse true ;
27 else
28 x j  zj ;
29 ReUse false ;
30 ImprC  true ;
31 end if
32 UnFixed  UnFixednf jg; /* Fix coordinatej. */
33 endwhile
34 return(x,ImprC);
endConstructGreedyRandomized;

FIGURE 2. Pseudo-codefor C-GRASPconstructionphase.

n coordinatesof x have been�x ed. At that stage,x and Impr C are returnedfrom the
constructionprocedure.

NotethattheReUsevariableis utilized to speedupcomputationsby avoidingunneces-
saryline searches.More detailscanbefoundin [9]. Theparametera controlsthesizeof
theRCLandthereforedeterminesthemix of greedinessandrandomnessin theconstruction
procedure.Differentvaluesof a throughouttherun allow someconstructionphasesto be
moregreedywhile othersto bemorerandom.
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procedureLocalImprovement (x; f (�);n;h; `; u; r lo; ImprL)
1 x�  x;
2 f �  f (x);
3 NumGridPoints  Õn

i= 1d(ui � ` i)=he;
4 MaxPointsToExamine dr lo � NumGridPointse;
5 NumPointsExamined 0;
6 while NumPointsExamined� MaxPointsToExaminedo
7 NumPointsExamined NumPointsExamined+ 1;
8 x  RandomlySelectElement(Bh(x� )) ;
9 if ` � x � u and f (x) < f � then
10 x�  x;
11 f �  f (x);
12 ImprL  true ;
13 NumPointsExamined 0;
14 end if
15 endwhile
16 return(x� , ImprL);
endLocalImprovement ;

FIGURE 3. Pseudo-codefor C-GRASPlocal improvementphase.

4.3. Local impr ovement procedure. C-GRASPmakes no useof derivatives. Though
derivativescanbe easilycomputedfor many functions,they arenot alwaysavailableor
ef�ciently computablefor all functions.Thelocal improvementphase(with pseudo-code
shown in Figure3) canbeseenasapproximatingtherole of thegradientof theobjective
function f (�). Fromagiveninputpointx 2 Rn, thelocal improvementalgorithmgenerates
a neighborhood,anddeterminesat which pointsin theneighborhood,if any, theobjective
functionimproves.If animproving point is found,it is madethecurrentpointandthelocal
searchcontinuesfrom thenew solution.

Let x̄ 2 Rn be the currentsolutionandh be the currentgrid discretizationparameter.
De�ne

Sh(x̄) = f x 2 Sj ` � x � u; x = x̄+ t � h; t 2 Zng

to bethesetof pointsin Sthatareintegersteps(of sizeh) away from x̄. Let

Bh(x̄) = f x 2 Sj x = x̄+ h� (x0� x̄)=kx0� x̄k; x02 Sh(x̄) nf x̄gg

betheprojectionof thepointsin Sh(x̄) nf x̄g ontothehyper-spherecenteredat x̄ of radius
h. Theh-neighborhoodof thepoint x̄ is de�ned asthesetof pointsin Bh(x̄).

The local improvementprocedureis givena startingsolutionx 2 S� Rn. Thecurrent
bestlocal improvementsolutionx� is initialized to x in line 1. Lines3 and4 determinethe
numberof grid points,basedonthecurrentvalueof thediscretizationparameterh, andthe
maximumnumberof pointsin Bh(x� ) thatareto beexamined.Thisnumberof grid points
is de�ned by the parameterr lo which is the portion of the neighborhoodwhich is to be
examined.If all of thesepointsareexaminedandno improving point is found,thecurrent
solutionx� is consideredanh-localminimum.

Starting at the point x� , in the loop in lines 6–15, the algorithm randomly selects
MaxPointsToExaminepoints in Bh(x� ), oneat a time. In line 9, if the currentpoint x
selectedfrom Bh(x� ) is feasibleandis betterthanx� , thenx� is set to x, ImprL is set to
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true , andtheprocessrestartswith x� asthestartingsolution. ImprL is usedto determine
whetherthelocal improvementprocedureimprovedthebestsolution.Local improvement
is terminatedwhenanh-local minimumsolutionx� is found. At thatpoint, x� andImprL

arereturnedfrom thelocal improvementprocedure.

5. METRICS, SCENARIOS, AND RESULTS

In this section,we presentmetricsusedto evaluatethe solutionsfound for the ADR
problem.Wethendiscusssomecharacteristicsof theparticulardatascenarios.Finally, we
describethetestingenvironmentanddiscussthecomputationalresults.

5.1. ADR metrics. Mammadov et al. [13, 14,15] de�ne only onemetricto measurethe
performanceof their algorithm,theaverageprecisionmetric. In this section,we describe
theaverageprecisionmetric,presentanexampledetailingits computation,anddiscussa
potentialpitfall of this metric. We alsosuggesttwo moreconventionalmetricsthathave
beenusedextensively in theliteratureto measuredistancebetweenvectors.

Supposewe have a solutionW to the ADR problem. We would like someway of
measuringthe quality of this solution. For eachpatienti, de�ne the computedreaction
of this patientto beŶi = XiW. Recallfrom Section3 that the true,or observed, reaction
for this patientis givenby Yi . Let T i be thesetof all permutationsof the indices1; : : : ;c
suchthatthepermutationappliedto Ŷi producesanon-increasingsequence.Then,for each
t 2 T i , theprecisionfor t , Pt (Xi), is de�ned as

Pt (Xi) =
1

kYik1
å

k:Yi;k= 1

jR0
i;k(t )j

jRi;k(t )j
;

where

Ri;k(t ) = f ` 2 f 1; : : : ;cg j ` is listedbeforek in t g[ f kg

R0
i;k(t ) = f ` 2 f 1; : : : ;cg j Yi;` = 1 ^ ` is listedbeforek in t g[ f kg:

The averageprecisionP(Xi) for patienti is de�ned to be the averageof the bestand
worst precisionsover all t 2 T i . The averageprecisionis given asthe averageover the
averageprecisionof eachpatient,i.e.

PAP =
1
n

n

å
i= 1

P(Xi):

As an exampleof computingthe precisionfor a patient,supposethat for patient i,
theobservedreactionis Yi = f 1;0;1;1;0g andthecomputedreactionis found to beŶi =
f 0:9;0:1;0:1;0:9;0:1g. Thesetof all index permutationsT i thatproducea non-increasing
sequencefor the elementsof Ŷi is listed in Table 1. Looking at the permutationt =
f 1;4;5;3;2g, we seethat Ri;1 = R0

i;1 = f 1g, Ri;4 = R0
i;4 = f 1;4g, Ri;3 = f 1;4;5;3g, and

R0
i;3 = f 1;4;3g. Therefore,Pt (Xi) � 0:9167.Thebestprecisionfor this patient(from per-

mutationsthatplace3 before2 and5) is 1, while theworstprecisionfor thispatient(from
permutationsthatplace3 after2 and5) is approximately0:8667.Hence,thispatientwould
haveanaverageprecisionof P(Xi) � 0:9333.

We now provide an examplehighlighting a potentialshortcomingof the averagepre-
cision metric. Considerthe samepatientobserved reaction,namelyYi = f 1;0;1;1;0g,
andsupposeoneapproachto solving theADR problemproducesa computedreactionof
Ŷ0

i = f 0:1;0:01;0:07;0:04;0:039g, while a secondapproachproducesthecomputedreac-
tion of Ŷ00

i = f 0:9;0:01;0:7;0:8;0:039g. While it is easyto seethatbothof thesecomputed
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TABLE 1. Permutationsof f 1;2;3;4;5g thatareelementsof T i .

f 1;4;2;3;5g f 4;1;2;3;5g

f 1;4;2;5;3g f 4;1;2;5;3g

f 1;4;3;2;5g f 4;1;3;2;5g

f 1;4;3;5;2g f 4;1;3;5;2g

f 1;4;5;2;3g f 4;1;5;2;3g

f 1;4;5;3;2g f 4;1;5;3;2g

reactionswill produceanaverageprecisionof 1:0 for thispatient,it is clearthatthesecond
computedreactionŶ00

i predictsmuchmorecloselythetrueobservedreactionthandoesthe
�rst. Hence,for this particularexample,it is unclearwhat theaverageprecisionmetric is
reallymeasuring.

To aid in measuringhow well thedifferentsolutionapproachesareperforming,in addi-
tion to usingtheaverageprecisionmetricwealsolook atthestandardleastsquaresresidual

LS(W) =
1
n

n

å
i= 1

kŶi � Yik2
2

andtheaveragemaximumdeviation

AMD(W) =
1
n

n

å
i= 1

max
k2f 1;:::;cg

[jŶi � Yi j]:

Using theseconventionalmetricswill lendstrongersupportto onealgorithmperforming
betterthananother.

5.2. Testing scenarios.The ADRAC datasetcontainsdatafor the years1972 to 2001
inclusive. Theapproachtakenby Mammadov et al. [13, 14,15], which we adhereto, was
to considertheyears1996through2001. For eachof theseyears,a trainingdatasetwas
formedusingthe datafrom 1972to the previous year. This is the datathat will be used
to determinetheweightmatrixW. Oncetheweightmatrix is determined,it is appliedto
thecurrentyeardatato measurehow well W predictsthe true reactions.As anexample,
for theyear1998,datafrom years1972to 1997(thetrainingdata)is usedin thesolution
approachesto determineW. Then,W is appliedto the year1998data(the testdata)to
measuretheperformanceof W. In addition,it is alsousefulto measuretheperformance
of W on thetrainingdata.Table2 lists characteristicsfor eachof thetrainingandtestdata
sets.

5.3. Testingenvir onment. Thecomputationalexperimentswith C-GRASPwerecarried
outonaDell PowerEdge2600computerwith dual3.2GHz1 Mb cacheXEON III proces-
sorsand6 Gb of memoryrunningRedHat Linux 3.2.3-53.C-GRASPwasimplemented
in C++ andcompiledwith GNU g++ version3.2.3. Thecompileroptionsusedwere-O6
-funroll-all-loops -fomit-frame-pointer -march=pentium4 . Thealgorithmused
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TABLE 2. ADR datacharacteristics.

TrainingData TestingData

Year # Patients # Drugs # Variables # Patients

1996 12;600 2;253 11;265 1;049
1997 13;747 2;375 11;875 1;091
1998 15;001 2;497 12;485 1;418
1999 16;684 2;661 13;305 1;746
2000 18;599 2;786 13;930 1;988
2001 20;745 2;916 14;580 1;054

TABLE 3. C-GRASPparametervaluesusedin theexperiments.

Parameter Value

Maxi 2;000
MaxUnFixed 10
r lo 0:7

for random-numbergenerationis an implementationof the MersenneTwister algorithm
describedin [16]. The Mammadov algorithmwas implementedin Matlab to verify the
averageprecisionresults,aswell as determinevaluesfor the leastsquaresandaverage
maximumdeviationmetrics.

WesettheC-GRASPparametersto thevalueslistedin Table3. While theidealsituation
would be to allow all variablesto startasun�xed in theconstructionprocedure,we limit
thenumberof startingun�x edvariablesto 10,chosenrandomlyeachtimetheconstruction
procedureis called. It wasestimatedthat eachcall to the constructionprocedurewould
have taken more thanoneyearof computingtime hadwe allowed all variablesto start
un�x ed,hencetheneedimplementthis limit.

5.4. Computational results. Tables4–6displaytheperformanceof boththeMammadov
algorithmandtheenhancedC-GRASPheuristicfor thethreemetrics.It is clearfrom these
tablesthat,overall,theC-GRASPheuristicperformsbetterfor boththetrainingandtesting
data,for eachyear, with thethreemetrics.TheMammadov algorithm,by not considering
all of the datawhen computingW and not forming a convex combinationof all drugs
andsuspectdrugs,appearsto be limited in its ability to achieve a solutionsigni�cantly
closeto theglobalminimum. C-GRASPdoesnot have this limitation. Of noteis that,for
eachyear, eachiterationof C-GRASPimproved uponthe previous iteration. Therefore,
letting C-GRASPrun for more than 2;000 iterationswould probablyproducean even
bettersolution.Table7 displaystheb values(discountingvalues)foundby theC-GRASP
for eachyear.
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TABLE 4. ADR averageprecisionresults.

Mammadov C-GRASP
All Suspect

Year Train Test Train Test Train Test

1996 0:8145 0:7997 0:8291 0:8025 0:8780 0:8517
1997 0:8153 0:7905 0:8280 0:7979 0:8779 0:8528
1998 0:8158 0:7786 0:8282 0:7802 0:8758 0:8569
1999 0:8152 0:8041 0:8272 0:8091 0:8777 0:8727
2000 0:8169 0:7757 0:8272 0:7788 0:8755 0:8380
2001 0:8135 0:7687 0:8232 0:7685 0:8722 0:8283

TABLE 5. ADR leastsquaresresidualresults.

Mammadov C-GRASP
All Suspect

Year Train Test Train Test Train Test

1996 0:0091 0:0330 0:0089 0:0355 0:0090 0:0345
1997 0:0088 0:0321 0:0085 0:0352 0:0087 0:0344
1998 0:0084 0:0264 0:0082 0:0297 0:0085 0:0310
1999 0:0079 0:0245 0:0077 0:0245 0:0080 0:0245
2000 0:0075 0:0239 0:0073 0:0232 0:0076 0:0230
2001 0:0071 0:0331 0:0069 0:0372 0:0074 0:0348

TABLE 6. ADR averagemaximumdeviation results.

Mammadov C-GRASP
All Suspect

Year Train Test Train Test Train Test

1996 0:7551 0:7869 0:7306 0:8138 0:6977 0:7836
1997 0:7572 0:7653 0:7321 0:8196 0:7058 0:7719
1998 0:7525 0:7486 0:7321 0:7994 0:7140 0:7802
1999 0:7497 0:7569 0:7296 0:7484 0:7124 0:7305
2000 0:7464 0:7877 0:7267 0:7588 0:7081 0:6950
2001 0:7469 0:7902 0:7284 0:8521 0:7255 0:7544



12 M. J.HIRSCH,C. N. MENESES,P. M. PARDALOS, M. A. RAGLE, AND M. G. C. RESENDE

TABLE 7. Discountfactor(b) foundby theC-GRASPheuristic.

Year b

1996 0:27
1997 0:25
1998 0:28
1999 0:25
2000 0:28
2001 0:34

6. CONCLUSIONS

Fromthestatisticsgiven in Section1, determiningtherelationshipbetweendrugsand
adversedrug reactionsis an extremelyimportantproblemin health-care.This paperhas
generalizedtheformulationof Mammadov et al. [13, 14, 15] to includea convex combi-
nationof suspecteddrugsandnon-suspecteddrugs. Dependingon the data,the number
of variablesin the optimizationformulationcanbe quite large. We have contrastedthe
approachtaken by Mammadov et al. [13, 14, 15] with our new approach.Using three
differentmetrics,we have shown that the C-GRASPapproachproducedbettersolutions
thandid theMammadov algorithm.

Oneareaof future researchconcernsdiscountingthenon-suspecteddrugsof eachpa-
tient by a differentdiscountfactor. This would have the effect of giving lessweight to
thosepatientshaving thesameobservedreactionsandcon�icting suspectdrugsets.At the
sametime,however, this would signi�cantly increasethenumberof variablesin theprob-
lem. Anotherareaof futureresearchconcernsapplyingour C-GRASPapproachto other
adversedrug reactiondata. The United StatesFood andDrug Administration[18], the
World HealthOrganizationUppsalaMonitoring Center[19], andthe CanadianAdverse
Drug ReactionInformationSystem[3] all collect adversedrug reactionreports. We are
currentlybeginningthetaskof collectingdatafrom thesesites.
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