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Abstract

Wedescribeanapplicationof AI searchandinformationvisu-
alizationtechniquesto theproblemof schoolredistricting,in
whichstudentsareassignedto homeschoolswithin acounty
or schooldistrict. This is a multicriteria optimizationprob-
lem in which competingobjectivesmustbeconsidered,such
as schoolcapacity, busing costs,and socioeconomicdistri-
bution. Becauseof the complexity of the decision-making
problem,toolsareneededto helpendusersgenerate,evalu-
ate,andcomparealternative schoolassignmentplans.A key
goal of our researchis to aid usersin �nding multiple qual-
itatively different redistrictingplansthat representdifferent
tradeoffs in thedecisionspace.
Wepresentheuristicsearchmethodsthatcanbeusedto �nd a
setof qualitatively differentplans,andgive empiricalresults
of thesesearchmethodson populationdatafrom the school
district of HowardCounty, Maryland.We show theresulting
plansusingnovel visualizationmethodsthatwe have devel-
opedfor summarizingandcomparingalternativeplans.

Moti vation and Overview
This researchfocuseson developingdecisionsupporttools
for theproblemof schoolredistricting. In this domain,the
goal is to assignthe studentsfrom eachgeographicregion
(neighborhoodor planningpolygon) in a countyor school
district to a homeschoolat eachlevel (elementary, middle,
andhigh school).We areworking with theHowardCounty,
Maryland, schoolsystemto develop tools that will aid in
generating,evaluating,andcomparingalternativeschoolas-
signmentplans.Relatedapplicationsincludeemergency re-
sponseplanning,urbanplanningand zoning, robot explo-
rationplanning,andpolitical redistricting.

Theschoolassignmentplanshouldideallysatisfyanum-
ber of different goals, suchas meetingschool capacities,
balancingsocioeconomicandtestscoredistributionsat the
schools,minimizing busingcosts,andallowing studentsin
the“walk area”of aschoolto attendthathomeschool.Since
theseobjectivesareoftenatoddswith eachother, �nding the
bestplanis acomplex multicriteriaoptimizationproblem.It
is alsooftendesirableto createseveralalternative plansfor
consideration;theseplansshouldbequalitativelydifferent—
that is, they shouldrepresentdifferenttradeoffs amongthe
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evaluationcriteria. Finally, becauseof the complexity of
theproblem,it is dif�cult for usersto fully understandthese
tradeoffs. Therefore,developingeffective visualizationsis
animportantchallenge.

Thecontributionsof ourwork are(1) acomputationalfor-
mulationof the schoolredistrictingproblemasa multicri-
teria optimizationproblem;(2) novel heuristiclocal search
techniquesfor generatinghigh-quality, diverse(i.e.,qualita-
tively different)plans;(3) visualizationmethods1 for com-
paring alternative plans; and (4) empirical resultsdemon-
stratingthe effectivenessof our searchmethodson actual
HowardCountyschooldata.

The rest of this paperis organizedas follows. We �rst
describethecurrentredistrictingprocessin HowardCounty,
andpresentsomeexampleplanvisualizationsthatwe have
developed. Next, we describethe searchmethodsand
presentempiricalresultscomparingmanuallyandautomat-
ically generatedplansin termsof planquality anddiversity.
Finally, wesummarizerelatedwork, thenpresentour future
work andconclusions.

Redistricting Process
TheHowardCountyPublicSchoolSystemservesa rapidly
growingcountyin suburbanMaryland.Thepaceof develop-
mentandpopulationgrowth hasnecessitatedtheopeningof
25new schoolsin thelast14years,turningtheadjustmentof
schoolattendanceareasinto analmostannualevent. Under
the currentprocess,candidateplansandfeasibility studies
aregeneratedmanually2 by schoolsystemstaff. Theseplans
areevaluatedandre�ned by a committeeof citizens,then
presentedat regionalmeetingsfor publiccomment.A small
set of candidateplansis forwardedto the Superintendent,
who presentstwo or threerecommendedalternativesto the
Boardof Education. The Boardhas�nal decision-making
authority, andwill typically selectoneof therecommended
plans,sometimesmakingminor modi�cations in response
to concernsraisedby parentgroupsor staff. Note that this

1Thesevisualizationmethodsare summarizedhere; they are
describedin detail in anearlierpublication(Shanbhag,Rheingans,
& desJardins2005).

2Map-basedtools are usedto show the proposedschooldis-
tricts,andasetof spreadsheetsis usedto generateevaluationdata.
No otherdecisionsupporttoolsareusedin thecurrentprocess.



Figure1: Original2004-2005schoolassignmentplan.Each
planningpolygoniscoloredaccordingto theschooltowhich
it is assigned.Schoolglyphsshow underutilizationasa“pie
wedge”(percentageof black �ll). Overutilizationis shown
by a ring outlining the glyph; the diameterof the ring is
proportionalto thedegreeof overutilization.

processis speci�c to HowardCounty;otherschooldistricts
mayhave differentprocessesandmodels.

Candidateplansareevaluatedaccordingto eleven mea-
suredcriteria: (1) the educationalbene�ts for students,(2)
the frequency with which studentsare redistricted,(3) the
numberand distanceof studentsbused,(4) the total bus-
ing cost,(5) thedemographicmakeupandacademicperfor-
manceof schools,(6) the numberof studentsredistricted,
(7) themaintenanceof feederpatterns(i.e., the �o w of stu-
dentsfromelementarytomiddletohighschool),(8) changes
in schoolcapacity, (9) the impacton specializedprograms,
(10)thefunctionalandoperationalcapacityof schoolinfras-
tructure,and(11)building utilization. Someof thesecriteria
canbeclearlyquanti�ed (e.g.,building utilization andbus-
ing costs),while othersareharderto quantify (e.g.,educa-
tionalbene�tsandimpactonspecializedprograms).

In practice,theprocessis primarily drivenby building uti-
lization,but seriousconsiderationis givento feederpatterns,
the numberof studentsredistricted,demographicmakeup,
busingcosts,andthefrequency with which studentsarere-
districted. Ideally, building utilization shouldbe between
90%and110%of programcapacityandshouldstayin that
rangeasprojectedpopulationandcapacitychangesoccur.
Desiredfeederpatternsensurethat thereis a critical mass
of studentswho move togetherfrom oneschoollevel (ele-
mentary, middle,andhigh school)to thenext. For instance,
thestudentsfrom a particularmiddleschoolshouldconsti-
tute at least15% of the populationof any high schoolthat
they feedinto. Considerationof thedemographicmakeupof
schoolshelpsto ensurethateconomicallyandacademically
disadvantagedchildrenarenotunnecessarilysegregatedinto
a few schools.

Figure2: A comparisonof therecommended(“green”)plan
to theclosest-schoolplan. Thecolor of the innerandouter
rings in eachplanningpolygonindicatethe schoolassign-
mentsfor therecommendedandclosest-schoolplan,respec-
tively.

Thespeci�c redistrictingproblemthatwefocuson in this
paperis one that the county facedduring the 2004-2005
school year, that of developing a schoolassignmentplan
for a twelfth high school(Marriotts Ridge) that openedin
Fall 2005. Figure1 shows the partitioningof planningre-
gions into schoolattendanceareasbefore the new school
was opened. A coloredcircle shows the location of each
school,andeachplanningpolygonis coloredaccordingto
the high schoolattended.3 For instance,all studentsin the
northwestregionof thecountyareassignedto GlenelgHigh
School (labeledG) in the original plan. The unusedca-
pacity at a schoolis shown by a black area(wedge)inside
the schoolcircle. Schoolsthat are over capacityare out-
lined with a ring. Glenelgis slightly undercapacity;Mar-
riotts Ridge(labeledMR) haszeroutilization (i.e., is com-
pletely black), sinceno studentshave yet beenassignedto
thisschoolin thisplan;andMt. Hebron(labeledMH) is sig-
ni�cantly overcapacity.

Figure 2 shows a comparisonpicture of two alternative
plansthat includeMarriottsRidge.Theschoolassignments
for the closest-schoolplan—generatedby assigningevery
polygonto the schoolclosestto its geographiccenter—are
indicatedby theoutercoloredrings in eachplanningpoly-
gon. This plan provides a useful baseline,becauseit op-
timizesboth walk usageandbusingcosts,but may be un-
desirablein termsof capacityanddemographics.The in-
nerring showstheschoolassignmentsfor therecommended
(“green”) plan that was recommendedby the superinten-
dent's of�ce. The “tree ring” effect allows the userto eas-

3The visualizationsare designedto be viewed in color. Al-
thoughpublicationin blackandwhitenecessarilyreducestheclar-
ity of thepictures,wehave tried to usecolorsthathave reasonably
goodcontrastwhenrenderedin grayscale.



ily seethe planningpolygonswhere the two plans make
different recommendations.For example,in the centerof
thecounty, severalpolygonsareassignedto MarriottsRidge
by therecommendedplan,but to thenearbyRiver Hill (la-
beledRH in Figure1) andCentennial(C) High Schoolsby
the closest-schoolplan. Along the southeastborderof the
county, theclosest-schoolplanassignsanumberof polygons
to HammondHigh School(H) thatareassignedto Reservoir
(R) by the recommendedplan. This differenceoccursbe-
causeassigningthemto Hammondwould causethatschool
to beovercapacity;also,in thiscase,thosepolygonshelpto
balancethesocioeconomicdistributionatReservoir.

Search Methods
Thesearchspacefor theredistrictingproblemis very large.
For p polygonsands schools,thereare

s(p� s)

possibleassignmentsof schoolsto polygons(since poly-
gons containinga school are constrainedto be assigned
to that school). Requiringthat schoolattendanceareasbe
geographicallycontiguousreducesthe numberof possible
plans,but thenumberof plansstill growsexponentiallywith
thenumberof schoolsandpolygons.Becauseof this com-
plexity, we have chosento useheuristiclocal searchmeth-
ods, which do not guaranteeoptimality, but which can be
usedto �nd goodsolutionsreasonablyquickly.

Our basicapproachis a two-stageprocess:�rst, we gen-
erateaninitial “seed”planusingoneof severalmethodsde-
scribedbelow; second,we uselocal searchto “hill-climb”
to a local optimum. Becauseof the multicriteria natureof
the redistrictingproblem,we have designedseveral differ-
entvariationsof hill-climbing searchthatcanbeusedto �nd
qualitatively differentalternativeplansin thesolutionspace,
asdiscussedlater.

Beforedescribingthemethodsfor �nding seedplansand
for performinglocal search,we �rst introducethe evalua-
tion criteria that we useto measurethe quality of a school
assignmentplan.

Evaluation Criteria
A school plan assignmentcan be evaluatedalong multi-
ple dimensions.Themeasuredcriteriausedby theHoward
Countyschoolsweresummarizedearlier. We have de�ned
� ve quantitative criteria, f 1; : : : ; f 5, basedon thesemea-
suredcriteria. Eachof thesecriteria is scaledandnormal-
izedsothatthevaluefor a givenplanwill alwaysfall in the
range[0; 1], with a lowervaluebeingpreferred.

Usingconceptsfrom themultiattributedecisiontheorylit-
erature(Keeney & Raiffa 1993),a planP1 is saidto domi-
natea secondplanP2 if P1 is betteralongsomedimension,
andnoworsealongany dimension,thanP2:

Dom(P1; P2) , 9i f i (P1) < f i (P2) ^ 8i f i (P1) � f i (P2):

Two plansare incomparable if neitherplan dominatesthe
other.

It is oftendesirableto de�ne acombinedscorethatincor-
poratesall of the evaluationcriteria. For this purpose,we
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Figure3: Penaltyfunctionfor schoolutilization.

useasimplelinearcombination,F :

F (P) =
X

i

wi f i (P);

wheretheweightswi 2 [0; 1] representthe relative impor-
tanceof eachof thecriteria. Sinceeachf i rangesfrom 0 to
1, F will rangefrom 0 to 5.

We introducethefollowing notation:
� Pop(p) is thenumberof studentsin planningpolygonp.

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

� Cap(s) is thecapacityof schools.

� Nschool s is thenumberof schoolsin thecounty(12in this
particularplanningproblem).

� Nstudents =
P

p Pop(p) is thenumberof studentsin the
county.

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

� p 2 s refersto the setof polygonsassignedto schools
by a givenplan. This notationis shorthandfor themore
space-consumingsetnotation,f p : s(p;P) = sg.
The � ve evaluationcriteria,which arede�ned in the fol-

lowingparagraphs,are:schoolcapacity(f 1), socioeconomic
distribution (f 2), test scoredistribution (f 3), busing costs
(f 4), andwalk areausage(f 5).

SchoolCapacity (f 1). A plan that utilizes any schoolat
lessthan90% or greaterthan110%of its capacityis con-
sideredto behighly undesirable.Therefore,wecomputethe
schoolutilization (i.e., the ratio of proposedschoolenroll-
ment to schoolcapacity),andmapit to a penaltyfunction
with its minimum at 100%. For this purpose,we useda
scaledarctanfunction(Figure3):

f 1(P) =

P
s

�
�
�arctan

�
�

�
1 � P op(s;P )

C ap(s)

�� �
�
�

�
2 Nschool s

where� is a scalingfactorthat causesthe scaledarctanto
be equalto 0:5 whenthe schoolutilization is either0:9 or
1:1 (� = 10:0). As seenin Figure3, the penaltyfunction
increasesrapidlyawayfrom theidealcapacityof 100%,and
assignshigh valuesfor valuesthat aresigni�cantly outside
thetargetrange,[0:9; 1:1].
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Figure4: Penaltyfunction for socioeconomicdistribution,
for acountyFARM rateof 0.15.

Socioeconomic Distrib ution (f 2). The school system
usesthepercentageof studentsthatqualify for freeandre-
ducedmeals(FARM) asa measureof socioeconomicdis-
tribution. The goal in creatinga schoolassignmentplan is
to equalizethis distribution acrossthecounty: ideally, each
schoolwill have the sameFARM rate as the county as a
whole. FARM ratesaregiven in thedataon a per-polygon
basis,denotedasFARM(p). We computeFARMC , theav-
erageFARM ratefor thecountyasawhole:

FARMC =

P
p Pop(p) FARM(p)

Nstudents
(1)

andtheFARM ratefor eachschool:

FARM(s;P) =

P
p2 s Pop(p) FARM(p)

Pop(s;P)
: (2)

In order to penalizegreaterdeviations from the average
FARM ratemoreheavily, we take thesquarerootof thedif-
ferencebetweentheschoolandcountyFARM rates(which
both rangefrom 0 to 1), and then averagethis over the
schoolsin thecountyto computetheoverall socioeconomic
distributioncriterion:

f 2(P) =
P

s

p
jFARM(s;P) � FARMC j

Nschool s

Figure 4 shows what one school's contribution to the f 2
penalty function would look like for a county rate of
FARMC = 0:15, asa functionof theschool's FARM rate,
FARM(s;P).

Test Score Distrib ution (f 3). The testscorerateis mea-
suredby the percentageof studentsin a given polygonor
schoolwho achieve a scoreat the Pro�cient or Advanced
level on the Maryland StateAssessment(MSA) standard-
izedtest.As with theFARM data,theseratesaregivenona
per-polygonbasisin theinputdata.Thiscriterionis de�ned
analogouslyto f 2:

f 3(P) =
P

s

p
jMSA(s;P) � MSAC j

Nschool s
;

where MSAC and MSA(s;P) are computedas in Equa-
tions1 and2, respectively.

Busing Costs(f 4). Busingcostswould be minimizedby
sendingall studentsto the geographicallyclosestschool.
Our evaluation criterion for busing costsis basedon the
“averageexcessbusingdistance”—thatis, the averagedis-
tancetraveledbeyond the minimum required. To simplify
the computation,we treateachpolygonasa groupof stu-
dentsall traveling from thegeometriccentroidof thepoly-
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 neededto bus thosestudentsto the
fourth closestschool(denotedby 4CS(p)).4 Thesecompu-
tationsareweightedby thepopulationof eachpolygon:

f 4(P) =

P
s

P
p2 s Pop(p) D ist (p;s ) � D ist (p;C S(p))

D ist (p;4C S(p)) � D ist (p;C S(p))

Nstudents

Walk Ar ea Usage(f 5). It is preferableto sendchildren
who are within walking distanceof someschool to their
neighborhood(“walk”) school. This criterion is basedon
thepercentageof suchstudentswhoarein factassignedto a
schoolwithin walkingdistance.5

f 5(P) = 1 �
w0(P)

w

wherew is thenumberof studentswho arewithin walking
distanceof theclosestschool:

w =
X

p: D ist (p;C S(p)) � kw

Pop(p)

and w0 is the numberof studentswho are within walking
distanceof their assignedschool:

w0(P) =
X

p: D ist (p;s (p;P )) � kw

Pop(p):

GeneratingSeedPlans
In thispaper, weusetwo seedplans:theclosest-schoolplan
andthecurrent(“original”) redistrictingplan.

The closest-schoolplan simply assignseachpolygon to
the schoolthat is geographicallyclosestto the centroidof
the polygon. This plan minimizesbusingcostsandallows
all studentsin thewalk areaof aschoolto attendthatschool.
However, asseenin Table1, it resultsin poor schooluti-
lization,sincesomeschoolsareovercrowdedandothersare

4Thereasoningbehindthisnormalizationis thatit thereis very
rarelya needto sendstudentsfurtherthanthethird closestschool.
As a result,normalizingby the mostdistantschoolin the county
wouldresultin extremelysmallvaluesfor any “reasonable”school
assignment,makingit dif�cult to differentiateamongalternatives.

5Thewalking distance,kw , dependson theageof thechildren;
for highschools,weuse1.5miles.Notethatthiscomputationis an
approximation,sincethe actualassignmentof walk areasis more
complicated,usingactualdistancetraveled,andtakingintoaccount
“walkability” (e.g.,sidewalks arerequired,andbusy streetsmust
beavoided).



underutilized.Theclosest-schoolplanalsoperformssome-
what poorly on test-scoreand socioeconomicdistribution,
sinceit reinforcesgeographic“clustering”of incomelevels.

Theoriginal plan, for this dataset,is thehigh schoolas-
signmentplanbeforethenew MarriottsRidgeHigh School
wasbuilt. It assignsno polygonsto thenew high school,so
its utilization is notparticularlygood(Table1). However, in
termsof theothercriteria,it is approximatelyasgoodasthe
�nal acceptedplans.

Wehave alsoexperimentedwith severalotherseedmeth-
ods,including randomseeds,“breadth-�rst” assignmentof
polygonsto schools,anda minimum-spanning-treeassign-
ment basedon distance. The latter two are similar to the
closest-schoolassignment,but make lesssenseto an end
user. Randomseedsareusefulfor a baseline,but areactu-
ally nonsensicalfrom anapplicationperspective,sincethere
is no geographiccontiguity at all. In our preliminary ex-
periments,we alsofoundthattheseseedsdo not yield good
searchperformance;in particular, the randomseedscause
the local searchto take a very long time to converge (since
they are so far from a reasonableplan), and the resulting
plansarenot particularlygood. Therefore,we omit these
alternativesfrom theresultsthatwepresenthere.

Local Search Methods
We have developedandappliedthreebasicsearchmethods:
basichill climbing,biasedhill climbingwith blind bias,and
biasedhill climbingwith diversitybias.

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

i wi f i (P). At eachstep,the searchalgorithmconsiders
moving a singlepolygonto a differentschool.Thebranch-
ing factorfor thissearchis high (thereare(s � 1)(p� s) pos-
sibleactions),soratherthanevaluatingeverypossiblemove,
weconsidereachof thesemovesin arandomorder, andtake
the �rst one(if any) that improvesthe combinedscore. In
otherwords,at eachstep,a randompolygonis selectedand
assignedto a randomlyselectedneighboringschool. If this
improves(reduces)the combinedscore,thenthe changeis
madeto theplan. This processcontinuesuntil a local mini-
mumis reached;thatis, 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
thenotionsof dominatedandincomparablesolutionsin the
multicriteria optimizationspaceto �nd multiple alternative
plans.As with basichill climbing, this searchmethodtries
to move a randompolygon to a randomlyselectedneigh-
boringschool.Thedifferenceis that this move will only be
acceptedif it resultsin a dominatingplan– that is, if some
f i is improved by the change,andno f i is madeworse. If
the changeis strictly worse,it is ignored. However, if the
changeresultsin anincomparablesolution(that is, onethat
is betterwith respectto somef i , but worsewith respectto
someotherf j ), thentheresultingplanis placedon a list of
“incomparable”solutions,whichwereferto asI .

Plan f 1 f 2 f 3 f 4 f 5 F
Cap. FARM MSA Bus Walk

P
f i

Closest 0.64 0.26 0.24 0.0 0.0 1.15
Original 0.47 0.25 0.22 0.13 0.17 1.24
Green 0.40 0.24 0.21 0.16 0.16 1.17
Red 0.40 0.24 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/Div 0.64 0.26 0.24 0.00 0.00 1.15
Original/Basic 0.26 0.24 0.21 0.14 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

Table1: Averageevaluationcriteriavalues(f i andcombined
scoreF (with all weightswi set to 1) for seedplansand
searchresults. Searchresultsrepresentthe averageof 10
runs.

When a local optimum is reachedin “dominatedplan
space,” undertheblind biasoption,this planis addedto the
solution list, S, thena plan is selectedrandomlyfrom the
incomparablesolutionlist I andusedastheseedfor a new
search.Thisprocessis repeateduntil aprespeci�ednumber,
k, of alternative plansis found. The set of k plans,S, is
returned.

Biased hill climbing with diversity bias. This method
usesthesamebasic“dominatedhill climbing” approachas
thepreviousmethodto �nd theinitial solution.However, to
�nd subsequentsolutions,adiversitybiasis applied.Specif-
ically, aftera local optimumis found, thenew seedwill be
the plan from the incomparablelist I whoseaverageEu-
clideandistance(in theevaluationspace)from S, the local
optimafoundsofar, is greatest.Thatis,

seedi +1 = argmaxP 02I

P
P 2S EvalDist(P 0; P)

jSj
;

where

EvalDist(P 0; P) =
s X

i

(f i (P0) � f i (P))2: (3)

Sinceeachof thef i rangesfrom 0 to 1, themaximumpos-
sible pairwisedistancebetweenany two solutionsfor the
� ve-dimensionalevaluationspaceis

p
5 = 2:24. Of course,

it is unlikely thatwe would �nd locally optimalplanswith
suchextremevalues,so typically thepairwisedistancewill
bemuchsmaller.

Empirical Results
In this section,we presentresultsusingtheHowardCounty
schooldata for the 2004–2005redistrictingprocess. The
�rst experimentwasdesignedto comparethequality of the
plansthat areproducedby differentheuristicsearchmeth-
ods,usingdifferentseedplans,to thoseproducedby there-
districtingcommittee.Thesecondexperimentwasdesigned
to assessthediversity(with respectto theevaluationcriteria)
of thesetsof plansproducedby differentsearchmethods.



Figure5: A comparisonof oneof thebestplans(according
to the F measure)found by weightedhill climbing (inner
ring) to therecommended(green)plan(outerring).

Plan Quality. In Table1, we comparetheaveragef i and
combinedF valuesfor theoriginal, closest-school,recom-
mended(green),andalternate(red)plansto theplangener-
atedby eachsearchmethod. (The alternateplan waspro-
posedby the Superintendent's of�ce as an alternative to
the greenplan.) To generatethis data,we ran eachsearch
methodtentimes,sincesomeof thesearchstepsarestochas-
tic. In general,the searchprocessis heavily in�uenced by
thechoiceof seed.Theresultsof basichill climbing search
whenstartingfrom theclosest-schoolplandoesbetterthan
the closest-schoolplan with respectto capacity(f 1), but
still worseon this measurethanthe othermanuallygener-
atedplans(original, recommended,and alternate). Simi-
larly, thesearchresultsfor basichill climbing startingwith
theclosest-schoolplanperformmuchbetterwith respectto
busing(f 4) andwalk usage(f 5) thantheotherplans.

Thebiasedhill climbingmethodsshow apathologicalbe-
havior whenstartingfrom theclosest-schoolseed.Because
the closest-schoolplan is alreadyoptimal with respectto
busing costsand walk areausage,the local areacontains
many incomparableplans,so the searchis unableto make
any progress.

Theoverall combinedplanquality (F ) is betterfor all of
thesearchmethodsthanfor any of themanuallyconstructed
plans.This is agoodsign,sinceit meansthatweareableto
�nd high-qualityplansusingour searchmethods.However,
wehavenotyetperformedauserstudyto determinewhether
plansthatappearbetterwith respectto thesecriteriaare,in
fact, seento be betterby endusers.The result is certainly
promising,though,sincethe generalframework caneasily
beusedwith differentevaluationcriteriathatare“tuned” to
theendusers'actualpreferences.

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

Method Diversity f1 f2 f3 f4 f5 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-generatedplans(recommended,alternate,andclosest-
school).We give thediversity(averagepairwisedistancein
evaluationspace)andtheaveragef i andF scoresfor each
of the sets. All numbersarethe averageof 10 runsof the
speci�edsearchmethod,usingtheoriginalplanastheseed.

Examiningthreemanuallygeneratedplans(closest,green
(recommended),andred(alternate))givesusa baselinefor
thediversitymeasure.Thepairwiseevaluationdistancesof
the manuallygeneratedplansare0.337(closestvs. green),
0.333(closestvs. red),and0.019(redvs.green),for anav-
eragepairwisedistanceof 0.223.

Not surprisingly, basichill climbing with all weightsset
to 1.0 producessetsof very similar plans,with almostno
diversity (0.044on average—”Basic”in Table 2). There-
fore, we experimentedwith performinghill climbing three
times,eachtime with differentweights.(Thethreerunsas-
sign weight 1.0 to f 1 (capacity),f 2 (socioeconomicdistri-
bution), andf 4 (busingcosts),respectively, andweight0.5
to all of theotherevaluationcriteria.)Thisprocess(referred
to as“weighted” in Table2) yields only slightly higherdi-
versity(0.048onaverage,still below thebaseline).

The plans using both hill climbing methodshave very
low combinedF values. A typical plan (with w1 = 1:0
(capacity)and the other wi = 0:5) is comparedto the
recommendedplan in Figure 5. The outer color in each
planningpolygonshows theschoolassignedby therecom-
mendedplan; the innercolor shows theschoolassignedby
theweightedhill climbing plan. Theoverall F measurefor
this plan is 0.91,lower thanany of themanuallygenerated
plansor any of the averagesearchresultsin Table1. Not
surprisingly, this plan performsextremely well on the ca-
pacitymeasure(f 1 = 0:20), while maintainingfairly good
performancealongthe otherdimensions(f 2 = 0:21; f 3 =
0:20; f 4 = 0:16; f 5 = 0:15). Comparingthesemeasures
to thosegiven in Table 1, it is clear that this plan is bet-
ter thanthemanuallygeneratedplanswith respectto all of
the evaluationcriteria. The �gure shows that the weighted
hill climbing plan assignsa numberof polygonsto a more
distant(but still nearby)schoolthantherecommendedplan.
However, althoughit is notstatedexplicitly in theevaluation
criteria,thegeographic“pocketing” thatthisplandisplaysis
likely to beundesirable.

Figure6 comparesthreeplansproducedby a singlerep-
resentative run of weightedhill climbing. The variationin
theplansproducedby theweightedhill climbing methodis
primarily in thecapacity, busing,andwalk usagemeasures.
Althoughoneof theweightassignmentsemphasizessocioe-
conomicdistribution, thereis not muchdifferencein thef 2



Figure6: Three-way comparisonof plansfrom a represen-
tative runof weightedhill climbing.

valuesfor theseplans. This may be becausesigni�cantly
decreasingsocioeconomicdistributionwouldrequirebusing
studentsa very long distance,entailinga severepenaltyin
busingcostsandwalk usage.Interestingly, two of theplans
are quite similar, so only a few of the planningpolygons
show threedifferentschoolassignmentsfor thethreeplans.

Biasedhill climbingwith ablind (random)biasalsogives
very little diversity(0.032onaverage).However, biasedhill
climbing with diversity bias gives the highestdiversity of
any method,and much higher diversity than the baseline
set of plans(0.389on average). Note that this is accom-
plishedat somelossof quality: theaveragecombinedmea-
sure(F ) for diversity-biasedsearchis 1.36,comparedto av-
eragesrangingfrom 0.96–1.04for theothersearchmethods.
Threeplansproducedbyatypicalrunof diversity-biasedhill
climbingareshown in Figure7. Althoughtheaveragediver-
sity is high, thethreeplansarenot equidistantin evaluation
space.Rather, oneof theplans(plan1) falls “between”the
othertwo plans,with pairwisedistancesof 0.36,0.37,and
0.67.

Notethatpairwisedistanceis asomewhatnaivenotionof
diversity. Recently(desJardins& Wagstaff 2005),we have
studiedmeasuresof setdiversityin thecontext of preference
modeling.We planto explorewhetheralternative measures
yield betterperformancein thebiasedsearchprocess.

It remainsto beseenwhetherthe“diverse”plansthatwe
aregeneratingareusefulfor theenduser. However, on ini-
tial inspection,they appearto be reasonableplansthat ef-
fectively show someof the key tradeoffs in the evaluation
space.

RelatedWork
Theproblemof schoolredistrictingis relatedto thatof polit-
ical redistricting.Severalsoftwarepackages(suchasMap-
titude (Caliper Corporation2006))are available for build-
ing and analyzingpolitical and school redistrictingplans.
Thesepackagesdo not generallyprovide automatedor in-

Figure7: Three-way comparisonof plansfrom a represen-
tative runof diversity-biasedhill climbing

teractive searchmethods,do not provide visualcomparison
techniquessuchasour “tree-ring” comparison,anddo not
facilitatethediscoveryof qualitatively differentplans.

Heldig, Orr, & Roediger(1972) were amongthe earli-
est researchersto discusscomputationalapproachesto po-
litical redistricting. The focusof their approachis on geo-
graphiccriteria(compactness,contiguity, and“preservation
of naturaland/orpolitical boundaries”)andpopulationbal-
ancing,althoughthey alsomentionthe possibility of con-
sideringother criteria, suchas demographicdistributions.
Theirapproachis basedonlinearprogramming,minimizing
an objective function that is speci�cally designedto maxi-
mize geographiccompactnessof the districts, subjectto a
population-balancingconstraint.Variationsof this basicap-
proachform the coreof mostof the morerecentcomputa-
tionalapproachesto redistricting.

Altman's (1998)dissertationdiscussestheobjectiveprin-
ciples that shouldideally be usedin political redistricting,
includingpopulationequality, compactness,andcontiguity.
He analyzesthe computationalcomplexity of political re-
districting,andshows thatdifferentmeasuresof geographic
compactnesscan producevery different plans,supporting
ourclaimthatit is importantto generatemultipleplansfrom
differentperspectives.

Schoolredistrictingdiffers from political redistrictingin
several importantways. First, althoughcompactnessis an
importantfactor(bothfor communitybuilding andto mini-
mizebusingcosts),it is notasimportantasin political redis-
tricting. Second,the walk usageandfeederissuescompli-
catethescenariofor schoolredistricting.Third, redistricting
occursmorefrequently(at leastin HowardCounty)thanin
mostpolitical districts,andstudentsaregreatlyaffectedby
theprocess.As a result,minimizing thenumberof students
who areredistrictedis alsoan importantcriterion. Finally,
the natureof the decision-makingprocess,in which alter-
native plansareexplicitly comparedandcontrastedto each



other, raisesthedesirabilityof generatingmultipleplansthat
representdifferenttradeoffs.

Althoughwe do not yet addressall of theseissuesin our
work, we believe that the generaloptimizationframework
we have developed,basedon local searchmethods,is more
applicablethanthosethat arecommonlyusedfor political
redistricting,which typically usespecializedoptimization
algorithmsthatfocusprimarily ongeographicconstraints.

The problemof multicriteria optimization(also referred
to as“multiobjective” and“multiattribute” optimization)has
beenexploredby researchersin arti�cial intelligence,eco-
nomics,andoperationsresearch.Keeney andRaiffa (1993)
discussa varietyof approachesfor combiningmultiple ob-
jectivesinto asinglemultiattributeutility function.They fo-
cuslargelyonmethodsfor eliciting asinglecombinedutility
function. However, in practice,asKeeney andRaiffa point
out, it is not alwayseasyto createa singleutility function.
Thissupportsourclaim thatakey componentof adecision-
making systemfor school redistrictingis to provide tools
thathelptheuserto understandthenatureof theevaluation
criteriaandthetradeoffs amongthem.

Multiattribute optimization techniquesinclude weight-
basedoptimization (where each criterion is assigneda
weight, and a combinedobjective function is optimized),
priority-basedoptimization(wherethe most importantcri-
teria areoptimized�rst), andgoal programming(in which
oneobjective is minimizedwhile constrainingtheothersto
be within a given range). Noneof thesemethodsareideal
for ourapplication,wherethetradeoffs aredif�cult to priori-
tizeor quantify. They alsodonotyield multiplequalitatively
differentsolutions;to our knowledge,this problemhasnot
beenexplicitly addressed.

School redistricting is somewhat analogousto the NP-
completeproblemof multi-objectivegraphpartitioning(Sel-
vakkumaran& Karypis 2006),which attemptsto optimize
multipleobjectives,eachof whichcanbeexpressedasasum
of edgeweightsin a graph. Researchon this problemhas
primarily usedpriority-basedand weight-basedoptimiza-
tion. Theanalogyto graphpartitioningbreaksdown in the
caseof someof ourcriteria(walk usage,demographicdistri-
bution),andasmentionedabove,priority-basedandweight-
basedoptimizationmethodsdo not helpuswith our goalof
�nding multiplequalitatively differentsolutions.

Futur eWork and Conclusions
We planto work with thesuperintendent's of�ce to perform
aninitial usabilitystudyof thetool, in preparationto release
analphaversionfor useduringthe2006–2007redistricting
process.Ourgoalis to makeaweb-basedversionof ourtool
availableto theredistrictingcommitteefor viewing,modify-
ing, andevaluatingproposedredistrictingplans.At theend
of that process,we expect to have enoughexperienceand
feedbackto designamoreformaluserstudy.

In thealphaprototype,we planto addtwo importantcri-
teriathatwehavenotyetaddressedwithin ourdecisionsup-
port framework: maintaininga feedersystemandminimiz-
ing currentandfuture redistricting. Initially, we canincor-
poratethesecriteriaby simplyde�ning additionalevaluation
criteria within the currentframework. However, it may be

that morespecializedsearchmethodsareappropriate.For
example, it might make senseto develop an iterative ap-
proachthat optimizessuccessive schoollevels in turn, in-
corporatingthefeedercriteriaateachiteration.

We are also exploring different methodsfor multicrite-
ria optimization,includinganovel multi-agentapproachthat
wearedesigning.Onthevisualizationside,anotherfocusis
on gradientdisplaysthatwill give theuserinsight into how
local changesto theplanwould changeits evaluation.Sup-
portingthesedisplayswill alsorequirenovel computational
techniquesfor computingandsummarizinggradients.

School redistricting is an interesting and challenging
problembothcomputationallyandfrom anapplicationper-
spective. We have developeda prototypesystemthat uses
novel heuristicsearchandvisualizationtechniquesto aidan
enduserin generating,evaluating,andcomparingalterna-
tiveplans.Thesetoolsshouldprovideenduserswith signif-
icantinsightsinto thetradeoffs amongalternatives.
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