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ABSTRACT. AdversedrugreactionfADRs) areestimatedo beoneof theleadingcauses
of death.Mary nationalandinternationalagenciehave setup databasesf ADR reports
for the expresspurposeof determiningthe relationshipbetweendrugsandadwersereac-
tionsthatthey cause We formulatethe drug-reactiomrelationshipproblemasa continuous
optimizationproblemandutilize C-GRASR a nev continuousglobal optimizationheuris-
tic, to approximatelydeterminethe relationshipbetweerdrugsandadwersereactions Our
approachs comparedagainstothersin theliteratureandis shavn to nd bettersolutions.

1. INTRODUCTION

An adwersedrugreaction(ADR) is the onsetof an untovard medicalconditioncaused
by theadministratiorof atherapeutidrug[6]. In theUnited States, ve percenof hospital
admissions28 percenbf emegeng roomvisits,and ve percenbf hospitaldeathsanbe
attributedto ADRs [20]. ADRs areoftennotrecognizediuringthetestingphaseof anew
drug, asthesetestingstudiesare generallysmall-scaleand of shortduration. Thus, most
ADRs are detectedasa resultof post-marleting studies,i.e. whenthe drugis available
and prescribedto the generalpublic. The U.S. Food and Drug Administration (FDA),
TheWorld HealthOrganization(WHO), aswell asothercountriesandorganizationshave
createddatabasesf ADRs reportedby practicingphysiciansandhospitalg2, 3, 18, 19].

The advese drug reactionproblemcanbe setup asfollows. Considem patients,m
drugs,andc possiblereactionclassesEachof the n patientshastakena known subsebf
the m drugs. In addition,eachpatientexhibits symptomsfrom a subsetf the ¢ possible
reactions.The goal of the adwersedrug reactionproblemis to determine for eachdrug-
reactionpairf d;rg, aweightor probability, thatdrugd is the causeof theadversereaction
r. Many solutionsbasedon optimizationtechniqueshave beenproposedfor the ADR
problem([1, 6, 10, 11, 12, 13, 14, 15, 17, 20, 21]. The approachof Mammad et al.
[13, 14,15] (hereinreferredto asthe Mammade Algorithm) setsup the ADR problemas
anonlinearoptimizationproblemsubjectto boundconstraints.

In this paperwe proposeamodi cation to the Mammade etal. formulation. We solve
an instanceof this continuousoptimizationproblemusingreal datafrom the Australian
AdveseDrug ReactionDatasetwith C-GRASP(continuousGRASP),a new continuous
global optimizationheuristic[7, 8, 9]. To analyzethe performanceof our algorithm,we
alsoexaminetheaverage precisionmetric[13, 14,15], aswell asproposdwo newv metrics.
The paperis organizedasfollows. We beggin, in Section2, by describingthe Australian
adwersedrug reactiondataset.In Section3, we introduceboththe Mammada algorithm
aswell asour modi cations of the Mammade formulation. C-GRASPIs describedn
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Section4. We compareour approactwith theapproactof Mammadae etal. in Section5.
Finally, Section6 providesconcludingremarksandfutureresearctdirections.

2. AUSTRALIAN ADR DATASET

Theaim of the AustralianAdverseDrug ReactionAdvisory Committee{ADRAC) is to
detectsignalsfrom adwersedrug reactionsasearly aspossible[2]. The ADRAC dataset
containsl37, 297 recordscollectedfrom 1971to 2001. Thereexist 18 systemorganreac-
tion classespneof thosebeingthe cardiovascularclass.The cardiovasculareactionclass
is brokendown into four subclassesWe limit our studyto datathathasat leastonereac-
tion from the cardiosascularclass.Therefore for eachrecordof the datasetthereare ve
possiblereactiongo consider Four arefrom the cardiozascularclassanda fth reaction
encompasseall reactionghatarenot partof the cardiovascularclass.

For the datawe receied!, eachrecordcorrespondso a patient. Eachrecordcontains
26 elds. The rst ten elds represenupto tendrugsthatthe patientwasprescribedEach
drugis representedsa uniqueidenti cation number If a patienttook lessthantendrugs,
thenthe remainingdrug elds aresetto 0. Fields11 through15 containa binary vector
representingvhich reactionsvereobsenedfor the patient.Field 16 containgheyearthat
this ADR waswrittenand elds 17 through26 containa binaryvectorrepresentingvhich
of thedrugsin the rst ten elds aresuspecteaf causingthe obsenedreactionsjn the
opinionof thedoctorwriting the ADR. As anexample,considerthefollowing record:

1984 48715544 0;0;0;0;0;0;0;1;0;0;1;1,19720; 1, 0; 0; 0; 0; 0; 0; O; Og:

This adwersedrug reportwas written in 1972. The patientwas prescribeddrugs 1984,
4871,and5544. Reactionsl, 4, and5 occurred.The doctorwriting the reportwasof the
opinionthatdrug4871causedheobsenredreactions.

3. ADR PROBLEM FORMULATION

We bggin thissectionby presentingheMammade algorithm.We describeheproblem
formulationaswell asthe solutiontechnique We thenpresenbur modi cation to this for-
mulation.

We rst introducesomeessentiahotation.Let n bethenumberof patientdn thedataset,
m bethetotal numberof drugsover all patientsandc bethe numberof possiblereactions.
Let X2 bethen mbinarymatrixde ned as

1 if drugj wasprescribedor patienti
0 otherwise,

XE =

wheredrug j refersto the j-th drug in the dataset. The matrix X2 correspondgo the
patient/drugnformationif we considerall prescribeddrugsfor eachpatient.In a similar
way, we cande ne X® to representhe patient/druginformationif we only considerthe
suspectrugsfor eachpatient,as

1 if drugj is asuspectirugfor patienti
0 otherwise.

X3 =

Ipatawasreceiedfrom MusaMammade on April 6,2006in privateemailcommunication.
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WeassumehatX$; = 1=) X% = 1.LetY bethen chbinarymatrixde nedas

1 if reactionk wasobsenedfor patienti

Yi;k: .
0 otherwise
thatrepresentsvhichreactionsvereobseredfor eachpatient.We aretasledwith nding
them cmatrixW, whereW;. is theweight,or probability thatdrug j causeseactionk.
Thegoalof the Mammad® algorithmis to minimize

10h KYikg i
1 FIW; p; X)= =& kYik,? ki W) Yik3
( ) ( H pv ) nlgl 1™ kX|Wkl(X| ) 1 ’

wherep 2 Z andX 2 f X?#;X5g, suchthat0 W 1. However, sincethesizeof this opti-
mizationproblemcanbeverylarge,theMammade algorithmdoesnot solve this problem
exactly. Ratherit solvesanapproximatiorto this problemwhich we next describe.

For drug j, de ne X[j] to bethesetof all patientshatwereonly prescribedlrug j, i.e.

In a similar way, de ne Xg[j] to bethe setof patientsthatwere prescribeddrug j. It is
clearthat X[j] Xan[j]. The solutiontechniquetakenin the Mammada algorithmis to
compute

( -
Wiy if @iX[j]j+ 1000 XU

Wy = i . Xanlili
V\Ij;k otherwise,
where
h . i ¢ h . i
) Wip= @ kvik® P d kvik! Py
i2X[j] i2X[j]
h | o ho) rem(Yiy)'
Wig= @ KkYk* P a kvk' P .g.ﬁﬁ']:k) ;
i2Xan[i] i2Xan[i] J !

D°fi] is the setof all drugsprescribedo patienti whoseweightsare not calculatedusing
Equation(2), andren(Y;) canbe seenasthe remainderof the reactionavailable after
accountingor thedrugsj whoseweightsarecomputedusingEquation(2). In all experi-
mentsto follow, a, b, andr weresetto 1, 1, and80, respectiely.

3.1. Modi cation to the ADR formulation. As seenabore,the Mammade formulation
allows X to be eitherX? or XS. We proposeto considerX asa corvex combinationof X2
andXs,i.e. X(b) = bX2+ (1 b)XS, whereb 2 [0;1] is unknavn. Thus,X(b) is aconvex
combinationof all drugsandsuspectedrugsfor eachpatient. Lookedatin anothermway,
thisde nition of X canbeseerasproviding adiscountmeasuréo thenon-suspectedrugs,
as,for eachpatient,the suspectirugsarefoundin both X2 andX?. Our formulation,

3 r\pv;ipF(W: p; X(b)) 30 Wb 1

is a minimization problemwith unknavns W andb. Note that the objectve function,
de nedin Equation(1), is anonlinearfunctionin bothW andb.
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4. CONTINUOUS GRASP

FeoandResendé¢4, 5] describethe metaheuristi6GRASPasa multi-startlocal search
procedurewhereeachGRASPIterationconsistof two phasesa constructiorphaseanda
localsearctphaseln theconstructiorphaseinteractionsetweergreedinesandrandom-
izationgenerata diversesetof good-qualitysolutions.Thelocal searctphaseattemptdo
improve the solutionsfound by construction.The bestsolutionover all of the multi-start
iterationsis retainedasthe nal solution.

Hirschetal. [7] describeContinuousGRASP (C-GRASP),an adaptatiorof GRASP
to handlecontinuousoptimizationproblems.C-GRASPworks by discretizingthedomain
into a uniform grid. Both the constructionand local improvementphasesnove along
pointson the grid. As the algorithmprogresseshe grid adaptvely becomesnoredense.
C-GRASPresemble$sRASPIn thatit is a multi-startstochastisearchmetaheuristi¢chat
usesarandomizedyreedyconstructiorprocedurgo generatestartingsolutionsfor alocal
improvementalgorithm. The main differenceis that an iteration of C-GRASPdoesnot
consistof a single greedyrandomizedconstructionfollowed by local improvement,but
rathera seriesof construction-localmprovementcycleswith the outputof construction
servingastheinputof thelocalimprovementasin GRASP Unlike GRASR however, the
outputof the C-GRASPIocalimprovementproceduresenesastheinput of the C-GRASP
constructiomprocedure.

Hirschetal. [9] proposednodi cationsto theoriginal C-GRASPalgorithm,resultingin
asigni cant decreasén the numberof objective functionevaluationsrequiredto corverge
totheglobaloptimum.In theremaindeof this sectionwe detailthis versionof C-GRASR
alongwith changespeci edto handlethe formulation(3).

4.1. The heuristic. Pseudo-codéor the C-GRASPheuristicis shavn in Figurel. The
proceduregtakes asinput the problemdimensionn, lower andupperboundvectors™ and
u, the objective function f( ), aswell asthe parameterdaxi, andr ;,. ParameteMaxi
de nes the numberof iterationsto performin the C-GRASPalgorithmwhile parameter
ro de nesthe portionof the neighborhoodf the currentsolutionthatis searchedluring
thelocalimprovementphase.

Line 1 of the pseudo-codaitializesthe objective functionvalue f of thebestsolution
foundtoin nity . While theC-GRASPimplementationsf [7, 9] aremulti-startprocedures,
becausef thesizeof the ADR problem(seeTable2), we donotimplementC-GRASPasa
true multi-startalgorithm. Rathey we performa singlemulti-startiteration. Line 2 initial-
izesthe solutionx to arandompoint distributeduniformly overtheboxin R" de ned by °
andu. The parameteh, thatcontrolsthe discretizatiordensityof the searchspacejs ini-
tializedto 0:1. Theconstructiorandlocalimprovementphasesrethencalledsequentially
in lines 7 and8, respectrely, Maxi times. The solutionreturnedfrom the local improve-
mentprocedureis comparedagainstthe currentbestsolutionin line 9. If the returned
solutionhasa smallerobjective valuethanthe currentbestsolution, then,in lines10-11,
the currentbestsolutionis updatedwith thereturnedsolution. In line 13, if the variables
Imprc andImpr_ arestill setto false , thenthe grid densityis increasedy halving h,
in line 14. Thevariablelmprc is false uponreturnfrom the constructionproceduref
andonly if noimprovementis madein the constructiorphase.Section4.3 shavs thatthe
Impr variableis false onreturnfrom thelocalimprovementproceduréf andonly if the
input solutionto local improvementis determinedo beanh-local minimum We increase
the grid densityat this stagebecauseepeatinghe constructionprocedurewith the same
grid densitywill notimprove the solution. This approachallows C-GRASPto startwith
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procedure GGRASR; ; u; f( ); Maxi;r o)

1 f ¥,

2 x  UnifRand(’; u);

3 h 0.1;

4 fori= 1;:::;Maxi do

5 Imprc false ;

6 Impr_. false ;

7 [X;Imprg  ConstructGreedyRandomized(x; f( );n;h;™; u;Imprc);
8 [X;Impr.] Locallmprovement(x; f( );n;h;™; u;ro;Impry);
9 if f(x) < f then

10 X X;

11 f f(x);

12 endif

13 if Imprc= false andImpr_ = false then

14 h h=2; /* malegrid more dense"/

15 endif

16 endfor

17  return(x );

end GGRASP

FIGURE 1. Pseudo-codéor C-GRASP

a coarsaliscretizatiorandadaptvely increasehe densityasneededtherebyintensifying
the searchin a moredensediscretizationwvhena goodsolutionhasbeenfound. The best
solutionfound,at thetime the stoppingcriteriaaresatis ed, is returned.

4.2. Construction procedure. In this sectionwe describdan detailthe constructiorpro-

cedure.The constructioralgorithmcombineggreedinessndrandomizatiorto producea

diversesetof good-qualitysolutionsfrom whichto startthelocalimprovementphase The
constructioralgorithmis shavn in Figure2. Theinputis asolutionvectorx. To start,line 1

of the algorithmallows MaxUnFixed(userde ned parameterroordinatef x to change
in the currentconstructioncall (i.e. thesecoordinatesareun x ed). In turn, in line 10 of

the pseudo-coddf ReUseis false , aline searchis performedn eachun x edcoordinate
directioni of x with theothern 1 coordinate®f x heldattheir currentvalues.In lines10

and11 of the pseudo-codehevaluez for thei-th coordinatehatminimizesthe objective

function, togetherwith the objective functionvalueg;, aresaved. In line 11, x denotes«

with thei-th coordinatesetto z.

After looping throughall un x ed coordinateglines 7-16),in lines 17—23a restricted
candidatdist (RCL) is formed containingthe un x ed coordinates whoseg; valuesare
lessthanor equalto g+ a (g @), whereg andg are, respectiely, the maximumand
minimumg; valuesoverall un x edcoordinate®f x, anda 2 [0; 1] is randomlydetermined
inline 2. In line 24,acoordinatas choseratrandomfrom the RCl.saycoordinatej 2 RCL
Line 25 checkswhetherx; andz; areequal. If so, line 26 setsReUseto the valuetrue .
Otherwise,in lines 28-30,ReUseis setto false , Imprc is setto true , andx; is setto
equalz;. Finally, in line 30,we x coordinatej of x, by remaving j from thesetUnFixed.
Choosinga coordinateby selectingat randomfrom the RCLensuredoth greedinessand
randomnes the constructionphase. The above procedurds continueduntil all of the
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procedure ConstructGreedyRandomized(x; f( );n;h;*; u;Impr¢)
1 UnFixed RandSelect(f1;2;:::;ng; MaxUnFixed;
2 a UnifRand(0;1);

3 ReUse false ;

4 while UnFixed 8 0 do

5 g +¥;

6 g ¥

7 fori= 1;:::;ndo

8 if i 2 UnFixed then

9 if ReUse= false then

10 z  LineSearch (x;h;i;n; f();;u);
11 g f(x);

12 endif

13 if g> githeng g

14 if g< githeng g

15 endif

16 endfor

17 RCL 0

18 Threshold g+a (g 9);

19 fori=1;:::;ndo

20 if i2 UnFixedandg; Threshold then
21 RCL RCI fig;

22 endif

23 endfor

24 j  RandomlySelectElement(RCL;

25 if Xj = Zj then

26 ReUse true ;

27 else

28 Xj  Zj;

29 ReUse false ;

30 Imprc  true ;

31 end if

32 UnFixed UnFixednfjg, /* Fix coodinatej. */
33 endwhile

34 return(x,Imprg);

end ConstructGreedyRandomized,

FIGURE 2. Pseudo-codéor C-GRASPconstructiorphase.

n coordinatesof x have been x ed. At that stage,x and Impr¢ are returnedfrom the
constructiorprocedure.

Notethatthe ReUsevariableis utilized to speedup computationdy avoiding unneces-
saryline searchesMore detailscanbe foundin [9]. The parameter controlsthe sizeof
theRClandthereforedetermineshemix of greedinesandrandomnesi theconstruction
procedure Differentvaluesof a throughouthe run allow someconstructiorphasego be
moregreedywhile othersto bemorerandom.
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procedure Locallmprovement (x; f( );n;h; *; u;ro; Impr,)

1 X X;

2 f f(X);

3 NumGridPoints  OL,d(ui “i)=he;

4 MaxPointsToExamine dr, NumGridPointse;

5 NumPointsExamined O;

6 while NumPointsExamined MaxPointsToExaminedo
7 NumPointsExamined NumPointsExaminedr 1;
8 x  RandomlySelectElement(Bnr(x ));

9 if ~ x uandf(X)< f then

10 X X;

11 f f(x);

12 Impr_  true ;

13 NumPointsExamined O;

14 endif

15 endwhile

16  return(x , Impry);

end Locallmprovement ;

FIGURE 3. Pseudo-codéor C-GRASPIocalimprovementphase.

4.3. Local improvement procedure. C-GRASPmakes no useof derivatives. Though
derivatives canbe easily computedfor mary functions,they are not always available or
efciently computabléor all functions. The local improvementphasgwith pseudo-code
shown in Figure 3) canbe seenasapproximatingthe role of the gradientof the objectve
function f( ). Fromagiveninputpointx 2 R", thelocalimprovementalgorithmgenerates
aneighborhoodanddeterminest which pointsin the neighborhoodif ary, the objective
functionimproves.If animproving pointis found,it is madethecurrentpointandthelocal
searctcontinuesrom the new solution.

Let X2 R" bethe currentsolutionandh be the currentgrid discretizationparameter
De ne

SX=1fx2S]° x ux=x+t hyt22"g
to bethesetof pointsin Sthatareintegerstepsof sizeh) away from x. Let
Bn(X) = fx2 Sjx=x+h (6 =€ xk; x°2 S,(X) nfXgg

bethe projectionof the pointsin $,(X) nf Xg ontothe hyperspherecenterecht x of radius
h. Theh-neighborhoodf the pointxis de ned asthe setof pointsin Bn(X).

Thelocal improvementprocedurds givena startingsolutionx2 S R". The current
bestlocalimprovementsolutionx s initializedto x in line 1. Lines3 and4 determinethe
numberof grid points,basednthe currentvalueof thediscretizatiorparameteh, andthe
maximumnumberof pointsin B, (x ) thatareto be examined.This numberof grid points
is de ned by the parameter |, which is the portion of the neighborhoodwvhich is to be
examined.If all of thesepointsareexaminedandno improving pointis found,the current
solutionx is consideredinh-local minimum

Starting at the point x , in the loop in lines 6-15, the algorithm randomly selects
MaxPointsToExaminepointsin By(x ), oneat atime. In line 9, if the currentpoint x
selectedrom By(x ) is feasibleandis betterthanx , thenx is setto x, Impr_ is setto
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true , andthe procesgestartawith x asthe startingsolution. Impr_ is usedto determine
whetherthelocal improvementprocedurémprovedthe bestsolution. Localimprovement
is terminatedvhenan h-local minimumsolutionx is found. At thatpoint,x andImpr_
arereturnedirom thelocal improvementprocedure.

5. METRICS, SCENARIOS, AND RESULTS

In this section,we presentmetricsusedto evaluatethe solutionsfound for the ADR
problem.Wethendiscusssomecharacteristicsf theparticulardatascenariosFinally, we
describehetestingervironmentanddiscusghe computationatesults.

5.1. ADR metrics. Mammade etal. [13, 14, 15] de ne only onemetricto measurehe
performanceof their algorithm,the averageprecisionmetric. In this section,we describe
the averageprecisionmetric, presentan exampledetailingits computationanddiscussa
potentialpitfall of this metric. We alsosuggestwo more corventionalmetricsthat have
beenusedextensiely in theliteratureto measuralistancebetweernvectors.
Supposewe have a solutionW to the ADR problem. We would like someway of

measuringhe quality of this solution. For eachpatienti, de ne the computedreaction
of this patientto beY, = X;W. Recallfrom Section3 thatthe true, or obsered, reaction

suchthatthe permutatiorappliedto Y; producesnon-increasingequenceThen for each
t 2 Tj, theprecisionfor t, P, (X), is de ned as

1 o JR?,k(t)J .

P () = T PR
1) kYiklk:YizljRi;k(t)J

where

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

17
Pap= —a P(X):
Ni=y

As an example of computingthe precisionfor a patient, supposethat for patienti,
the obseredreactionis Y; = f 1;0;1;1;0g andthe computedreactionis foundto beY; =
f0:9;0:1;0:1;0:9;0:1g. Thesetof all index permutationd’; thatproducea non-increasing
sequencdor the elementsof Y; is listed in Table 1. Looking at the permutationt =
f1,4;5,3;2g, we seethatR;; = R, = f1g, Ry = R, = f1;4g, Ri3 = f1;4;5;3g, and
Rﬂ3 = f1;4;3g. Therefore R (X;) 0:9167.Thebestprecisionfor this patient(from per
mutationgthatplace3 before2 and5) is 1, while theworstprecisionfor this patient(from
permutationshatplace3 after2 and5) is approximatelyd:8667. Hence this patientwould
have anaverageprecisionof P(X;) 0:9333.

We now provide an examplehighlighting a potentialshortcomingof the averagepre-
cision metric. Considerthe samepatientobsered reaction,namelyY; = f 1,0;1;1;0g,
andsupposeneapproacho solvingthe ADR problemproducesa computedeactionof
\?iO: f0:1;0:01;0:07;0:04; 0:039, while a secondapproactproduceghe computedreac-
tion of Yo% 0:9;0:01;0:7;0:8;0:03%. While it is easyto seethatbothof thesecomputed
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TABLE 1. Permutation®f f 1;2; 3;4; 59 thatareelementsf T;.

f1;4,2;3;59 f4;1;2;3;59
f1;4;2;5;3g f4;1;2;5;3g
f1,;4;3;2;59 f4,1;3;2;59
f1;4,3;5;29 f4;1;3;5;29
f1,4;5;2;3g f4,1;5;2;3g
f1,4;5;3; 29 f4,1;5;3; 29

reactionswill produceanaverageprecisionof 1:0 for this patient,it is clearthatthesecond
computedeactionYiOOpredictsmuchmorecloselythetrueobser‘ed reactionthandoesthe
rst. Hencefor this particularexample,it is unclearwhatthe averageprecisionmetricis
really measuring.
To aidin measurindhow well thedifferentsolutionapproacheareperforming,in addi-
tion to usingtheaverageprecisionmetricwe alsolook atthestandardeastsquaresesidual
18
LSW) = “a kY Yik3
Ni=1
andthe averagemaximumdeviation
1¢ - .
AMD(W) = = max [jYi Yijl:
( ) ni§1k2f 1;:::;cg[| ! IJ]
Using thesecornventionalmetricswill lend strongersupportto onealgorithmperforming
betterthananother

5.2. Testing scenarios. The ADRAC datasetcontainsdatafor the years1972to 2001
inclusive. Theapproachakenby Mammade etal. [13, 14, 15], whichwe adhereo, was
to considerthe years1996through2001. For eachof theseyears,a training datasetvas
formedusingthe datafrom 1972to the previous year This is the datathatwill be used
to determinethe weight matrix W. Oncethe weight matrix is determinedit is appliedto
the currentyeardatato measuréhow well W predictsthe true reactions.As an example,
for theyear1998,datafrom years1972to 1997 (the training data)is usedin the solution
approacheso determineW. Then,W is appliedto the year1998data(the testdata)to
measureahe performanceof W. In addition,it is alsousefulto measurehe performance
of W onthetrainingdata.Table2 lists characteristicéor eachof thetrainingandtestdata
sets.

5.3. Testingenvironment. The computationabxperimentsvith C-GRASPwerecarried
outonaDell PaverEdge2600computemwith dual3.2GHz 1 Mb cacheXEON Il proces-
sorsand6 Gb of memoryrunningRedHat Linux 3.2.3-53.C-GRASPwasimplemented
in C++ andcompiledwith GNU g++ version3.2.3. The compileroptionsusedwere-06

-funroll-all-loops -fomit-frame-pointer -march=pentium4 . Thealgorithmused



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

TABLE 2. ADR datacharacteristics.

Training Data 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-GRASPparametewraluesusedin theexperiments.

Parameter Value
Maxi 2;000
MaxUnFixed 10
Mo 0:7

for random-numbegenerations an implementationof the Mersennelwister algorithm
describedn [16]. The Mammade algorithmwasimplementedn Matlab to verify the
averageprecisionresults,as well asdeterminevaluesfor the leastsquaresand average
maximumdeviation metrics.

We setthe C-GRASPparameterto thevaluedistedin Table3. While theidealsituation
would be to allow all variablesto startasun xed in the constructiorprocedurewe limit
thenumberof startingun x edvariablego 10, choserrandomlyeachtime theconstruction
procedureis called. It wasestimatedhat eachcall to the constructionprocedurewvould
have taken more than one year of computingtime had we allowed all variablesto start
un x ed,hencethe needimplementthis limit.

5.4. Computational results. TablesA—6displaythe performancef boththeMammade

algorithmandtheenhance-GRASPheuristicfor thethreemetrics.It is clearfrom these
tablesthat,overall,the C-GRASPheuristicperformsbetterfor boththetrainingandtesting
data,for eachyear with thethreemetrics. The Mammadae algorithm,by not considering
all of the datawhen computingW and not forming a corvex combinationof all drugs
and suspectdrugs,appeardo be limited in its ability to achiere a solution signi cantly

closeto the globalminimum. C-GRASPdoesnot have this limitation. Of noteis that, for

eachyear eachiterationof C-GRASPimproved uponthe previousiteration. Therefore,
letting C-GRASPrun for more than 2;000 iterationswould probably producean even

bettersolution. Table7 displaysthe b values(discountingvalues)found by the C-GRASP
for eachyear
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TABLE 4. ADR averageprecisionresults.

Mammade 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 leastsquaresesidualresults.
Mammade 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.
Mammade 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
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TAaBLE 7. Discountfactor(b) foundby the C-GRASPheuristic.

Year b

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

6. CONCLUSIONS

Fromthe statisticsgivenin Sectionl, determiningthe relationshipbetweendrugsand
adwersedrug reactionsis an extremelyimportantproblemin health-care.This paperhas
generalizedhe formulationof Mammade etal. [13, 14, 15] to includea corvex combi-
nationof suspectedirugsand non-suspectedrugs. Dependingon the data,the number
of variablesin the optimizationformulation can be quite large. We have contrastedhe
approachtaken by Mammade et al. [13, 14, 15] with our new approach.Using three
differentmetrics,we have shavn thatthe C-GRASPapproachproducedbettersolutions
thandid the Mammade algorithm.

Oneareaof future researctconcerngdiscountingthe non-suspectedrugsof eachpa-
tient by a differentdiscountfactor This would have the effect of giving lessweight to
thosepatientshaving the sameobsenredreactionsandcon icting suspectirugsets.At the
sametime, however, thiswould signi cantly increasehe numberof variablesn the prob-
lem. Anotherareaof future researctconcernsapplyingour C-GRASPapproacho other
adwersedrug reactiondata. The United StatesFood and Drug Administration[18], the
World Health OrganizationUppsalaMonitoring Center[19], andthe CanadiarAdverse
Drug Reactioninformation System[3] all collectadwersedrug reactionreports. We are
currentlybeginningthetaskof collectingdatafrom thesesites.
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