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Abstract

Wedescribeanapplicationof Al searctandinformationvisu-
alizationtechniqueso the problemof schoolredistricting,in
which studentsareassignedo homeschoolswithin acounty
or schooldistrict. This is a multicriteria optimizationprob-
lemin which competingobjectvesmustbe consideredsuch
as school capacity busing costs,and socioeconomidistri-
bution. Becauseof the compleity of the decision-making
problem,tools areneededo help endusersgenerategevalu-
ate,andcomparealternatve schoolassignmenplans. A key
goal of our researchs to aid usersin nding multiple qual-
itatively differentredistrictingplansthat representifferent
tradeofs in thedecisionspace.

We presenheuristicsearchmethodghatcanbeusedio nd a
setof qualitatively differentplans,andgive empiricalresults
of thesesearchmethodson populationdatafrom the school
district of Howard County Maryland. We shav theresulting
plansusingnovel visualizationmethodgthat we have devel-
opedfor summarizingagndcomparingalternatve plans.

Motivation and Overview

This researcHocuseson developingdecisionsupporttools
for the problemof schoolredistricting. In this domain,the
goalis to assignthe studentdfrom eachgeographiaegion
(neighborhoodbr planning polygon in a county or school
districtto a homeschoolat eachlevel (elementarymiddle,
andhigh school).We areworking with the Howard County
Maryland, school systemto develop tools that will aid in
generatingevaluating,andcomparingalternative schoolas-
signmentplans.Relatedapplicationsncludeemegeng re-
sponseplanning, urbanplanningand zoning, robot explo-
rationplanning,andpolitical redistricting.
Theschoolassignmenplanshouldideally satisfyanum-
ber of different goals, suchas meetingschool capacities,
balancingsocioeconomi@ndtestscoredistributionsat the
schools,minimizing busing costs,andallowing studentdn
the*walk area”of aschoolto attendthathomeschool.Since
theseobjectivesareoftenatoddswith eachother nding the
bestplanis acomplex multicriteriaoptimizationproblem. |t
is alsooftendesirableto createseveral alternatve plansfor
considerationtheseplansshouldbequalitativelydifferent—
thatis, they shouldrepresentifferenttradeofs amongthe
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evaluationcriteria. Finally, becauseof the compl«ity of
theproblem,it is dif cult for usergo fully understandhese
tradeofs. Therefore,developing effective visualizationsis
animportantchallenge.

Thecontrikutionsof ourwork are(1) acomputationafor-
mulation of the schoolredistrictingproblemasa multicri-
teria optimizationproblem;(2) novel heuristiclocal search
techniquedor generatindhigh-quality diverse(i.e., qualita-
tively different) plans; (3) visualizationmethods for com-
paring alternatve plans; and (4) empirical resultsdemon-
stratingthe effectivenessof our searchmethodson actual
Howard Countyschooldata.

The restof this paperis organizedas follows. We rst
describehecurrentredistrictingprocessn Howard County
andpresentsomeexampleplan visualizationghatwe have
developed. Next, we describethe searchmethodsand
presenempiricalresultscomparingmanuallyandautomat-
ically generategblansin termsof planquality anddiversity.
Finally, we summarizeelatedwork, thenpresenbur future
work andconclusions.

Redistricting Process

The Howard CountyPublic SchoolSystemsenesa rapidly
growing countyin suburbanMaryland. Thepaceof develop-
mentandpopulationgrowth hasnecessitatethe openingof
25new schooldn thelastl4yearsturningtheadjustmenof
schoolattendancareasnto analmostannualevent. Under
the currentprocesscandidateplansand feasibility studies
aregeneratednanually by schoolsysterrstaf. Theseplans
are evaluatedandre ned by a committeeof citizens,then
presentect regionalmeetinggor publiccomment A small
setof candidateplansis forwardedto the Superintendent,
who presentdwo or threerecommendedilternatvesto the
Board of Education. The Boardhas nal decision-making
authority andwill typically selectoneof therecommended
plans, sometimesanaking minor modi cations in response
to concerngaisedby parentgroupsor staf. Note thatthis

Thesevisualizationmethodsare summarizechere; they are
describedn detailin anearlierpublication(ShanbhagRRheingns,
& desJardin2005).

2Map-basedools are usedto shav the proposedschool dis-
tricts, anda setof spreadsheets usedto generatevaluationdata.
No otherdecisionsupporttoolsareusedin the currentprocess.



Figurel: Original 2004-2005choolassignmenplan. Each
planningpolygonis coloredaccordingo theschoolto which
it is assignedSchoolglyphsshav underutilizationasa“pie
wedge” (percentag®f black Il). Overutilizationis shovn
by a ring outlining the glyph; the diameterof the ring is
proportionalto the degreeof overutilization.

processs speci ¢ to Howard County;otherschooldistricts
may have differentprocesseandmodels.

Candidateplansare evaluatedaccordingto eleven mea-
suredcriteria: (1) the educationabene ts for students(2)
the frequeny with which studentsare redistricted,(3) the
numberand distanceof studentsbused,(4) the total bus-
ing cost,(5) thedemographienakeupandacademigerfor
manceof schools,(6) the numberof studentsredistricted,
(7) the maintenancef feederpatterngi.e., the o w of stu-
dentsfrom elementaryo middleto highschool),(8) changes
in schoolcapacity (9) theimpacton specializedorograms,
(10)thefunctionalandoperationatapacityof schoolinfras-
tructure,and(11) building utilization. Someof thesecriteria
canbe clearly quanti ed (e.g.,building utilization andbus-
ing costs),while othersare harderto quantify (e.g.,educa-
tional bene tsandimpacton specialize¢programs).

In practice theprocesss primarily drivenby building uti-
lization, but seriousconsideratiolis givento feedempatterns,
the numberof studentsredistricted,demographianakeup,
busingcosts,andthe frequeng with which studentsarere-
districted. Ideally, building utilization shouldbe between
90% and110%of programcapacityandshouldstayin that
rangeas projectedpopulationand capacitychangesoccur
Desiredfeederpatternsensurethat thereis a critical mass
of studentswho move togetherfrom one schoollevel (ele-
mentary middle,andhigh school)to the next. For instance,
the studentsrom a particularmiddle schoolshouldconsti-
tute at least15% of the populationof ary high schoolthat
they feedinto. Consideratiorof thedemographienakeupof
schoolshelpsto ensureghateconomicallyandacademically
disadwantagedthildrenarenotunnecessarilgegregatedinto
afew schools.

Figure2: A comparisorof therecommende(‘green”) plan
to the closest-schogplan. The color of the innerandouter
ringsin eachplanningpolygonindicatethe schoolassign-
mentsfor therecommendedndclosest-schogblan,respec-
tively.

Thespeci c redistrictingproblemthatwe focusonin this
paperis one that the county facedduring the 2004-2005
schoolyear that of developing a schoolassignmenplan
for a twelfth high school(Marriotts Ridge) that openedin
Fall 2005. Figure 1 shaws the partitioning of planningre-
gionsinto school attendanceareasbefore the newv school
was opened. A coloredcircle shows the location of each
school,and eachplanningpolygonis coloredaccordingto
the high schoolattended. For instanceall studentsn the
northwestregion of thecountyareassignedo GlenelgHigh
School (labeledG) in the original plan. The unusedca-
pacity at a schoolis shavn by a black area(wedge)inside
the schoolcircle. Schoolsthat are over capacityare out-
lined with aring. Glenelgis slightly undercapacity;Mar-
riotts Ridge (labeledMR) haszeroutilization (i.e., is com-
pletely black), sinceno studentshave yet beenassignedo
thisschoolin this plan;andMt. Hebron(labeledVH) is sig-
ni cantly over capacity

Figure 2 shavs a comparisonpicture of two alternatve
plansthatincludeMarriotts Ridge. The schoolassignments
for the closest-schooplan—generatedy assigningevery
polygonto the schoolclosestto its geographiacenter—are
indicatedby the outercoloredringsin eachplanningpoly-
gon. This plan provides a useful baseline,becausét op-
timizes both walk usageand busing costs,but may be un-
desirablein termsof capacityand demographics.The in-
nerring shavstheschoolassignmentfor therecommended
(“green”) plan that was recommendedy the superinten-
dents of ce. The“treering” effect allows the userto eas-

%The visualizationsare designedto be viewed in color. Al-
thoughpublicationin blackandwhite necessarilyeducesheclar
ity of the pictureswe have tried to usecolorsthathave reasonably
goodcontraswhenrenderedn grayscale.



ily seethe planning polygonswhere the two plans make
differentrecommendationsFor example,in the centerof
thecounty severalpolygonsareassignedo MarriottsRidge
by the recommendeglan, but to the nearbyRiver Hill (la-
beledRH in Figure1) andCentennial(C) High Schoolsby
the closest-schooplan. Along the southeasborderof the
county theclosest-schogdlanassign@numberof polygons
to HammondHigh School(H) thatareassignedo Reserwir
(R) by the recommendegblan. This differenceoccurshe-
causeassigninghemto Hammondwould causethatschool
to beover capacity;also,in this casethosepolygonshelpto
balancethe socioeconomidistribution at Reserwoir.

Search Methods

Thesearchspaceor the redistrictingproblemis very large.
For p polygonsands schoolsthereare
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possibleassignment®f schoolsto polygons(since poly-
gons containinga school are constrainedto be assigned
to that school). Requiringthat schoolattendancereasbe
geographicallycontiguousreducesthe numberof possible
plans,but thenumberof plansstill grows exponentiallywith
the numberof schoolsand polygons. Becauseof this com-
plexity, we have chosento useheuristiclocal searchmeth-
ods, which do not guaranteeoptimality, but which canbe
usedto nd goodsolutionsreasonablyjuickly.

Our basicapproachs a two-stageprocess:rst, we gen-
erateaninitial “seed”planusingoneof severalmethodgle-
scribedbelow; secondwe uselocal searchto “hill-climb”
to a local optimum. Becauseof the multicriteria natureof
the redistrictingproblem,we have designedseveral differ-
entvariationsof hill-climbing searchthatcanbeusedto nd
gualitatvely differentalternatve plansin thesolutionspace,
asdiscussedater.

Beforedescribingthe methodgor nding seedplansand
for performinglocal searchwe rst introducethe evalua-
tion criteriathat we useto measurehe quality of a school
assignmenplan.

Evaluation Criteria

A school plan assignmentan be evaluatedalong multi-
ple dimensions.The measuredriteriausedby the Howard
Countyschoolsweresummarizecarlier We have de ned

suredcriteria. Eachof thesecriteriais scaledand normal-
izedsothatthe valuefor a givenplanwill alwaysfall in the
range[0; 1], with alower valuebeingpreferred.
Usingconceptdrom themultiattributedecisiontheorylit-
erature(Keeng & Raiffa 1993),a planP; is saidto domi-
nateasecondplanP; if P; is betteralongsomedimension,
andnoworsealongary dimensionthanP;:

Dom(P1;P2) , 9ifi(P1) < fi(P2) " 8ifi(P1) fi(P2):

Two plansareincompaable if neitherplan dominatesthe
other

It is oftendesirableto de ne acombinedscorethatincor
poratesall of the evaluationcriteria. For this purposewe
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Figure3: Penaltyfunctionfor schoolutilization.

useasimplelinearcombina;}ion,l: :
F(P)=  wfi(P);

I
wherethe weightsw; 2 [0; 1] representhe relative impor-
tanceof eachof the criteria. Sinceeachf ; rangesdrom 0 to
1, F will rangefrom 0to 5.
We introducethefollowing notation:

P op(p) is thenumberof studentsn planningpolygonp.

Pop(s; P) is thenumberof studentsassignedo schools
by planP.

Cap(s) is the capacityof schools.

N school s IS thenumberof schoolsn thecounty(12in this
particularplalgningproblem).

Nstudents = P P op(p) is the numberof studentsn the

county

s(p;P) is the schoolto which polygonp is assignediy
planP.

p 2 s refersto the setof polygonsassignedo schools
by a given plan. This notationis shorthandor the more
space-consumingetnotation,fp : s(p;P) = sg.

The ve evaluationcriteria, which arede ned in the fol-
lowing paragraphsare: schoolcapacity(f ;), socioeconomic
distribution (f ,), testscoredistribution (f 3), busing costs
(f4), andwalk areausagd(f ).

SchoolCapacity (f1). A planthat utilizes any schoolat
lessthan90% or greaterthan 110% of its capacityis con-
sideredo behighly undesirableThereforewe computethe
schoolutilization (i.e., the ratio of proposedschoolenroll-
mentto schoolcapacity),andmapit to a penaltyfunction
with its minimum at 100%. For this purpose,we useda
scaledarctanfunction (Figure3):

Pop(siP)
¢ arctan 1 =05

f1(P) =

2 N school s

where is a scalingfactorthat causeghe scaledarctanto
be equalto 0:5 whenthe schoolutilization is either0:9 or
1:1( = 100). As seenin Figure 3, the penaltyfunction
increasesapidly awvay from theideal capacityof 100%,and
assignshigh valuesfor valuesthat are signi cantly outside
thetamgetrange[0:9; 1:1].
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Figure 4: Penaltyfunction for socioeconomidistribution,
for acountyFARM rateof 0.15.

Socioeconomic Distribution (f,). The school system
usesthe percentagef studentghat qualify for free andre-
ducedmeals(FARM) asa measureof socioeconomidalis-
tribution. The goalin creatinga schoolassignmenplanis

to equalizethis distribution acrosshe county: ideally, each
schoolwill have the sameFARM rate as the countyasa
whole. FARM ratesaregivenin the dataon a perpolygon
basis,denotedasFARM(p). We computeFARM ¢, the av-

erageFARM ratefor the countyasawhole:

P
» P op(p) FARM(p)

FARM¢ = 1)
Nstudents
andthe FARM ratefor eapchschoolz
Po FARM
FARM(S;P) — p2s I‘Xp) (p) . (2)

Pop(s;P)

In order to penalizegreaterdeviations from the average
FARM ratemoreheaily, we take the squareoot of the dif-
ferencebetweerthe schoolandcounty FARM rates(which
both rangefrom 0 to 1), and then averagethis over the
schoolsn the countyto computethe overall socioeconomic
distribution criterion:

P JFARM(s; P)
Nschool s

Figure 4 showvs what one schools contrikution to the f,
penalty function would look like for a county rate of
FARMc = 0:15, asa function of the schools FARM rate,
FARM(s; P).

Py = = FARMc]

Test Score Distribution (f3). Thetestscorerateis mea-
suredby the percentagef studentsn a given polygonor
schoolwho achieve a scoreat the Pro cient or Advanced
level on the Maryland State Assessmen{MSA) standard-
izedtest.As with the FARM data theseratesaregivenona
perpolygonbasisin theinput data. This criterionis de ned
analogouslyto f ,:

p

fa(P) = —=

jMSA(s;P) MSAcj
Nschools '

where MSA: and MSA(s;P) are computedasin Equa-
tions1 and2, respectiely.

Busing Costs(f4). Busingcostswould be minimizedby

sendingall studentsto the geographicallyclosestschool.
Our evaluation criterion for busing costsis basedon the

“averageexcesshusingdistance’—thais, the averagedis-

tancetraveled beyond the minimum required. To simplify

the computationwe treateachpolygonasa group of stu-

dentsall traveling from the geometriccentroidof the poly-

gon. The distancefrom this point to the assignedschool
is calculated;we then subtractthe distanceto the closest
school(denotedby CS(p)) to determinethe excessbusing
distance.This distanceis normalizedby the excessbusing
distancethat would be neededo bus thosestudentdo the

fourth closestschool(denotedoy 4CS(p)).* Thesecompu-
tationsareweightedby the populationof eachpolygon:

P Dist (pis) Dist (piC S(p))

s p2s PONP) 5t (pacs) bist (piC S

fa(P) =

N students

Walk AreaUsage(fs). It is preferableto sendchildren
who are within walking distanceof someschoolto their
neighborhood“walk”) school. This criterion is basedon
the percentagef suchstudentsvho arein factassignedo a
schoolwithin walking distance’

wqP)

fs(P) =1

wherew is the numberof studentavho arewithin walking
distanceof theclosestschool:

X
W= Pop(p)
p:Dist (p;CS(p) kw

andw? is the numberof studentswho are within walking
distanceof theirassignedchool:

wiP) = Pop(p):
p:Dist (p;s(p;P))  kw

Generating SeedPlans

In this paperwe usetwo seedplans:the closest-schogblan
andthe current(“original”) redistrictingplan.

The closest-schooplan simply assignseachpolygonto
the schoolthat is geographicallyclosestto the centroid of
the polygon. This plan minimizesbusing costsand allows
all studentsn thewalk areaof aschoolto attendthatschool.
However, asseenin Table 1, it resultsin poor schooluti-
lization, sincesomeschoolsareovercravdedandothersare

*Thereasoningehindthis normalizationis thatit thereis very
rarely a needto sendstudentdurtherthanthethird closestschool.
As aresult,normalizingby the mostdistantschoolin the county
wouldresultin extremelysmallvaluesfor ary “reasonable’school
assignmentmnakingit dif cult to differentiateamongalternatves.

5Thewalking distancek,, , depend®n theageof thechildren;
for highschoolswe usel.5miles. Notethatthis computatioris an
approximationsincethe actualassignmenof walk areass more
complicatedusingactualdistancdraveled,andtakinginto account
“walkability” (e.g.,sidavalks arerequired,and busy streetsmust
beavoided).



underutilized.The closest-schogblan alsoperformssome-
what poorly on test-scoreand socioeconomidistribution,
sinceit reinforcesgeographi¢clustering” of incomelevels.

The original plan, for this dataset,is the high schoolas-
signmentplan beforethe new Marriotts RidgeHigh School
washuilt. It assignsio polygonsto the new high school,so
its utilizationis not particularlygood(Tablel). However, in
termsof the othercriteria, it is approximatelyasgoodasthe
nal accepteglans.

We have alsoexperimentedvith severalotherseedmeth-
ods, including randomseeds,'breadth- rst” assignmenof
polygonsto schools,anda minimum-spanning-treassign-
mentbasedon distance. The latter two are similar to the
closest-schoohssignmentput make lesssenseto an end
user Randomseedsareusefulfor a baselinebut areactu-
ally nonsensicadlrom anapplicationperspectie, sincethere
is no geographiccontiguity at all. In our preliminary ex-
perimentswe alsofoundthattheseseedslo notyield good
searchperformancejn particular the randomseedscause
the local searchio take a very long time to converge (since
they are so far from a reasonablelan), and the resulting
plansare not particularly good. Therefore,we omit these
alternatvesfrom theresultsthatwe presentere.

Local Search Methods

We have developedandappliedthreebasicsearchmethods:
basichill climbing, biasedill climbingwith blind bias,and
biasedhill climbingwith diversitybias.

Basichill climbing. This methodsimply performsa vari-
ption of hill climbing on the combinedscore, F(P) =

i wifi(P). At eachstep,the searchalgorithmconsiders
moving a singlepolygonto a differentschool. The branch-
ing factorfor this searchs high (thereare(s  1)(P ) pos-
sibleactions) soratherthanevaluatingevery possiblemove,
we considereachof thesemovesin arandomorder andtake
the rst one(if ary) thatimprovesthe combinedscore. In
otherwords,at eachstep,a randompolygonis selectedand
assignedo arandomlyselectecheighboringschool. If this
improves (reduces}he combinedscore,thenthe changeis
madeto the plan. This processontinuesuntil alocal mini-
mumis reachedthatis, until thereis no individual polygon
thatcanbemovedin orderto improve thescore.

Biasedhill climbing with blind bias. Biasedhill climb-
ing is a novel techniquethat we introducehere. It uses
the notionsof dominatedandincomparablesolutionsin the
multicriteria optimizationspaceto nd multiple alternatve
plans. As with basichill climbing, this searchmethodtries
to move a randompolygonto a randomly selectedneigh-
boringschool. The differenceis thatthis move will only be
acceptedf it resultsin a dominatingplan— thatis, if some
fi is improved by the changeandnof; is madeworse. If
the changeis strictly worse, it is ignored. However, if the
changeresultsin anincomparablesolution(thatis, onethat
is betterwith respectto somef;, but worsewith respecto
someotherf; ), thentheresultingplanis placedon alist of
“incomparable”solutionswhich we referto asl .

Plan fl fz f3 f4 f5 PF
Cap.| FARM | MSA | Bus | Walk fi

Closest 0.64| 0.26 0.24 | 0.0 0.0 1.15
Original 047 | 0.25 0.22 | 0.13| 0.17 | 1.24
Green 040| 024 | 0.21 | 0.16| O0.16 | 1.17
Red 040| 024 | 0.21 | 0.15| 0.17 | 1.19

Closest/Basic | 0.44 | 0.26 0.24 | 0.04| 0.04 | 1.02
Closest/Blind | 0.64 0.26 0.24 | 0.00| 0.00 | 1.15
Closest/Dv 0.64 | 0.26 0.24 | 0.00 | 0.00 | 1.15

Original/Basic| 0.26 | 0.24 0.21 | 014 | 0.17 | 1.02
Original/Blind | 0.37 | 0.22 0.20 | 0.13| 0.17 | 1.09

Original/Div 0.44| 0.23 0.20 | 0.11| 0.12 | 1.10

Tablel: Averageevaluationcriteriavalues(f; andcombined
scoreF (with all weightsw; setto 1) for seedplansand
searchresults. Searchresultsrepresenthe averageof 10
runs.

When a local optimum is reachedin “dominated plan
spac€, undertheblind biasoption, this planis addedo the
solutionlist, S, thena planis selectedrandomlyfrom the
incomparablesolutionlist | andusedasthe seedfor a new
searchThis processs repeatedintil aprespeci ednumber
k, of alternatve plansis found. The setof k plans,S, is
returned.

Biased hill climbing with diversity bias. This method
usesthe samebasic“dominatedhill climbing” approachas
thepreviousmethodto nd theinitial solution.However, to
nd subsequergolutionsadiversity biasis applied.Specif-
ically, afteralocal optimumis found, the new seedwill be
the plan from the incomparabldist | whoseaverageEu-
clideandistance(in the evaluationspace)from S, the local
optimafoundsofar, is greatestThatis,

P ist(P o
pos EValDIst(P® P)
iSi ’

see@, = argmad oy
where
S x
EvalDist(P% P) = (fi(P9  fi(P)2: (3

Sinceeachof thef; rangesrom 0 to 1, the maximumpos-
sible pairwise distancebetweenany two solutionsfor the

ve-dimensionadvaluationspaces 5= 2:24. Of course,
it is unlikely thatwe would nd locally optimal planswith
suchextremevalues,sotypically the pairwisedistancewill
bemuchsmaller

Empirical Results

In this section,we presentesultsusingthe Howard County
schooldatafor the 2004—2005redistricting process. The

rst experimentwasdesignedo comparethe quality of the

plansthat are producedby differentheuristicsearchmeth-

ods,usingdifferentseedplans,to thoseproducedby there-

districtingcommittee.Thesecondexperimentwasdesigned
to assesthediversity (with respecto theevaluationcriteria)

of thesetsof plansproducedy differentsearchmethods.



Figure5: A comparisorof oneof the bestplans(according
to the F measure¥ound by weightedhill climbing (inner
ring) to therecommende@green)plan (outerring).

Plan Quality. In Tablel, we comparethe averagef; and
combinedF valuesfor the original, closest-schoolkecom-
mendedgreen),andalternate(red) plansto the plangener
atedby eachsearchmethod. (The alternateplan was pro-
posedby the Superintendend' of ce as an alternatve to
the greenplan.) To generatehis data,we ran eachsearch
methodentimes,sincesomeof thesearclstepsarestochas-
tic. In generalthe searchprocesss heaily in uenced by
the choiceof seed.Theresultsof basichill climbing search
whenstartingfrom the closest-schogblan doesbetterthan
the closest-schooplan with respectto capacity (f 1), but
still worseon this measurghanthe other manuallygener
atedplans (original, recommendedand alternate). Simi-
larly, the searchresultsfor basichill climbing startingwith
the closest-schogblan performmuchbetterwith respecto
busing(f 4) andwalk usag€(f 5) thantheotherplans.

Thebiasedill climbing methodshav apathologicabe-
havior whenstartingfrom the closest-schoateed.Because
the closest-schooplan is alreadyoptimal with respectto
busing costsand walk areausage,the local areacontains
mary incomparableplans,so the searchis unableto make
ary progress.

The overall combinedplan quality (F) is betterfor all of
thesearchmethodghanfor ary of themanuallyconstructed
plans.Thisis agoodsign,sinceit meanghatwe areableto

nd high-qualityplansusingour searchmethods However,
we have notyetperformedauserstudyto determinevhether
plansthatappeatbetterwith respecto thesecriteriaare,in
fact, seento be betterby endusers. Theresultis certainly
promising,though,sincethe generalframevork caneasily
be usedwith differentevaluationcriteriathatare“tuned” to
theendusers'actualpreferences.

Plan Diversity. In Table2, we comparesetsof threeplans
generatedby eachof our searchmethodsto a group of

Method Diversity | f1 f2 3 f4 5 F

Basic 0.044 0.22 ] 0.24] 0.21 | 0.14 | 0.15 | 0.96
Weighted| 0.048 | 0.23| 0.24| 0.21| 0.14 | 0.14 | 0.96
Blind 0.032 0.44| 0.20| 0.18 | 0.11 | 0.11 | 1.04
Diversity 0.389 | 0.61| 0.19| 0.15| 0.18 | 0.23 | 1.36

Table 2: Averagediversity (averagepairwise distancein
evaluation space)and evaluation measuresfor different
methods.

hand-generateplans(recommendedlternateandclosest-
school). We give the diversity (averagepairwisedistancan

evaluationspace)andthe averagef; andF scoresfor each
of the sets. All humbersarethe averageof 10 runs of the
speci ed searchmethod,usingthe original planasthe seed.

Examiningthreemanuallygenerategblans(closestgreen
(recommendedandred (alternate)givesus a baselinefor
the diversity measure The pairwiseevaluationdistanceof
the manuallygenerateglansare 0.337(closestvs. green),
0.333(closestvs. red),and0.019(red vs. green) for anav-
eragepairwisedistanceof 0.223.

Not surprisingly basichill climbing with all weightsset
to 1.0 producessetsof very similar plans,with almostno
diversity (0.044 on average—"Basic”in Table 2). There-
fore, we experimentedwith performinghill climbing three
times, eachtime with differentweights. (Thethreerunsas-
signweight1.0to f 1 (capacity),f, (socioeconomidistri-
bution), andf 4 (busingcosts),respectiely, andweight 0.5
to all of the otherevaluationcriteria.) This procesgreferred
to as“weighted” in Table2) yields only slightly higherdi-
versity (0.048on average still belav the baseline).

The plans using both hill climbing methodshave very
low combinedF values. A typical plan (with w; = 1:0
(capacity) and the otherw; = 0:5) is comparedto the
recommendedglan in Figure5. The outer color in each
planningpolygonshaws the schoolassignedy the recom-
mendedplan; the inner color shavs the schoolassignedy
theweightedhill climbing plan. The overall F measurdor
this planis 0.91,lower thanary of the manuallygenerated
plansor ary of the averagesearchresultsin Table1. Not
surprisingly this plan performsextremely well on the ca-
pacity measurgf, = 0:20), while maintainingfairly good
performancelongthe otherdimensionqf, = 0:21;f3 =
0:20,f4, = 0:16,f5 = 0:15. Comparingthesemeasures
to thosegivenin Table 1, it is clearthat this plan is bet-
ter thanthe manuallygenerateglanswith respecto all of
the evaluationcriteria. The gure shaws thatthe weighted
hill climbing plan assignsa numberof polygonsto a more
distant(but still nearby)schoolthantherecommendeglan.
However, althoughit is notstatedexplicitly in theevaluation
criteria,thegeographi¢pocketing” thatthis plandisplaysis
likely to beundesirable.

Figure6 compareshreeplansproducedby a singlerep-
resentatie run of weightedhill climbing. The variationin
the plansproducedoy the weightedhill climbing methodis
primarily in the capacity busing,andwalk usagemeasures.
Althoughoneof theweightassignmentemphasizesocioe-
conomicdistribution, thereis not muchdifferencein thef ,



Figure6: Three-vay comparisorof plansfrom a represen-
tative run of weightedhill climbing.

valuesfor theseplans. This may be becausesigni cantly
decreasingocioeconomidistributionwould requirebusing
studentsa very long distance entailing a severe penaltyin
busingcostsandwalk usage Interestingly two of the plans
are quite similar, so only a few of the planningpolygons
shaw threedifferentschoolassignmentfor thethreeplans.

Biasedhill climbingwith ablind (random)biasalsogives
very little diversity (0.032on average) However, biasedhill
climbing with diversity bias gives the highestdiversity of
ary method,and much higher diversity than the baseline
setof plans(0.389 on average). Note that this is accom-
plishedat somelossof quality: the averagecombinedmea-
sure(F ) for diversity-biasedearchs 1.36,comparedo av-
eragesangingfrom 0.96—1.04or theothersearcimethods.
Threeplansproducedy atypicalrunof diversity-biasedhill
climbingareshovnin Figure7. Althoughtheaveragediver-
sity is high, the threeplansarenot equidistanin evaluation
space.Rathey oneof the plans(plan 1) falls “between”the
othertwo plans,with pairwisedistancesf 0.36,0.37,and
0.67.

Notethatpairwisedistancds a someavhatnaive notion of
diversity Recently(desJarding Wagstaf 2005),we have
studiedmeasuresf setdiversityin thecontext of preference
modeling.We planto explore whetheralternatve measures
yield betterperformancen the biasedsearchprocess.

It remainsto be seenwhetherthe “diverse”plansthatwe
aregeneratingareusefulfor the enduser However, on ini-
tial inspection,they appearto be reasonablglansthat ef-
fectively shov someof the key tradeofs in the evaluation
space.

Related Work

Theproblemof schoolredistrictingis relatedto thatof polit-
ical redistricting. Several software packagegsuchasMap-
titude (Caliper Corporation2006)) are available for build-
ing and analyzingpolitical and schoolredistricting plans.
Thesepackagesio not generallyprovide automatecdr in-

Figure7: Three-vay comparisorof plansfrom arepresen-
tative run of diversity-biasedill climbing

teractize searchmethodsdo not provide visual comparison
techniquessuchasour “tree-ring” comparisonanddo not
facilitatethe discovery of qualitatively differentplans.

Heldig, Orr, & Roediger(1972) were amongthe earli-
estresearcherso discusscomputationabpproacheso po-
litical redistricting. The focusof their approachs on geo-
graphiccriteria (compactness;ontiguity and“presenation
of naturaland/orpolitical boundaries™andpopulationbal-
ancing, althoughthey also mentionthe possibility of con-
sidering other criteria, such as demographidistributions.
Theirapproachs basedn linearprogrammingminimizing
an objectve functionthatis speci cally designedo maxi-
mize geographiccompactnessf the districts, subjectto a
population-balancingonstraint.Variationsof this basicap-
proachform the core of mostof the morerecentcomputa-
tional approacheto redistricting.

Altman's (1998)dissertatiordiscusseshe objectie prin-
ciplesthat shouldideally be usedin political redistricting,
including populationequality compactnessand contiguity.
He analyzesthe computationalcompleity of political re-
districting,andshaws thatdifferentmeasuresf geographic
compactnessan producevery different plans, supporting
our claimthatit is importantto generatenultiple plansfrom
differentperspecties.

Schoolredistrictingdiffers from political redistrictingin
several importantways. First, althoughcompactness an
importantfactor(bothfor communitybuilding andto mini-
mizebusingcosts),t is notasimportantasin political redis-
tricting. Secondthe walk usageandfeederissuescompli-
catethescenaridor schoolredistricting.Third, redistricting
occursmorefrequently(at leastin Howard County)thanin
mostpolitical districts,andstudentsare greatlyaffectedby
the processAs aresult,minimizing the numberof students
who areredistrictedis alsoanimportantcriterion. Finally,
the natureof the decision-makingorocess,in which alter
native plansareexplicitly comparedandcontrastedo each



other raiseghedesirabilityof generatingnultiple plansthat
representifferenttradeofs.

Althoughwe do not yet addressll of theseissuesn our
work, we believe that the generaloptimizationframewvork
we have developed basedon local searchmethodsjs more
applicablethanthosethat are commonlyusedfor political
redistricting, which typically use specializedoptimization
algorithmsthatfocusprimarily on geographiconstraints.

The problemof multicriteria optimization (also referred
to as“multiobjective” and“multiattribute” optimization)has
beenexploredby researcherg arti cial intelligence,eco-
nomics,andoperationgesearchKeeng andRaiffa (1993)
discussa variety of approachegor combiningmultiple ob-
jectivesinto a singlemultiattribute utility function. They fo-
cuslargelyonmethoddor eliciting asinglecombinedutility
function. However, in practice,asKeeng andRaiffa point
out, it is not alwayseasyto createa single utility function.
This supportsour claimthata key componenbf adecision-
making systemfor schoolredistrictingis to provide tools
thathelpthe userto understandhe natureof the evaluation
criteriaandthetradeofs amongthem.

Multiattribute optimization techniquesinclude weight-
based optimization (where each criterion is assigneda
weight, and a combinedobjective function is optimized),
priority-basedoptimization(wherethe mostimportantcri-
teria are optimized rst), andgoal programming(in which
oneobjective is minimizedwhile constraininghe othersto
be within a givenrange). None of thesemethodsareideal
for ourapplicationwherethetradeofs aredif cult to priori-
tize or quantify. They alsodonotyield multiple qualitatively
differentsolutions;to our knowledge,this problemhasnot
beenexplicitly addressed.

Schoolredistrictingis someavhat analogousto the NP-
completeproblemof multi-objective graphpartitioning(Sel-
vakkumarang Karypis 2006), which attemptsto optimize
multiple objectives,eachof which canbeexpressedsasum
of edgeweightsin a graph. Researcton this problemhas
primarily used priority-basedand weight-basedoptimiza-
tion. The analogyto graphpartitioningbreaksdown in the
caseof someof our criteria(walk usagedemographidistri-
bution),andasmentionedabove, priority-basedcandweight-
basedoptimizationmethodsdo not helpuswith our goal of

nding multiple qualitatively differentsolutions.

Futur e Work and Conclusions

We planto work with the superintendend'of ce to perform
aninitial usabilitystudyof thetool, in preparatiorio release
analphaversionfor useduringthe 2006—200#edistricting
processOurgoalis to make aweb-basedersionof ourtool
availableto theredistrictingcommitteefor viewing, modify-
ing, andevaluatingproposededistrictingplans. At theend
of that processwe expectto have enoughexperienceand
feedbacko designa moreformal userstudy

In the alphaprototype,we planto addtwo importantcri-
teriathatwe have notyetaddressedithin ourdecisionsup-
port framewvork: maintaininga feedersystemandminimiz-
ing currentandfuture redistricting. Initially, we canincor-
poratethesecriteriaby simply de ning additionalevaluation
criteriawithin the currentframewvork. However, it may be

that more specializedsearchmethodsare appropriate. For
example, it might make senseto develop an iterative ap-
proachthat optimizessuccessie schoollevelsin turn, in-
corporatinghefeedercriteriaat eachiteration.

We are also exploring different methodsfor multicrite-
ria optimization,includinganovel multi-agentapproachhat
we aredesigning.Onthevisualizationside,anotherfocusis
on gradientdisplaysthatwill give the userinsightinto how
local changedo the planwould changets evaluation. Sup-
portingthesedisplayswill alsorequirenovel computational
techniquegor computingandsummarizinggradients.

School redistricting is an interesting and challenging
problemboth computationallyandfrom anapplicationper
spectve. We have developeda prototypesystemthat uses
novel heuristicsearchandvisualizationtechniquego aid an
enduserin generatinggvaluating,and comparingalterna-
tive plans.Thesetoolsshouldprovide enduserswith signif-
icantinsightsinto thetradeofs amongalternatves.
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