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Zusammenfassung

Die FunktionhöhererGehirnarealeim RahmenderGeruchswahrnehmungist nochweit-

gehendunbekannt.Wissenschaftlersindbei derWahl ihrer Stimuli nochimmerin erster

Linie auf ihre pers̈onlicheErfahrungangewiesen. Es gibt kaumKontrolle dar̈uber, ob

dieseSubstanzentats̈achlichden gesamten,,Geruchswahrnehmungsraum“ausreichend

abdecken.

UnterVerwendungbekannternumerischerVerfahrenwird einerobusteInfrastrukturvor-

gestellt,mit der esmöglich ist, sowohl existierendeals auchzukünftigeDatens̈atzeaus

psychophysikalischenund neurophysiologischenExperimentenin Bezugauf Geruchs-

wahrnehmungzuanalysierensowie ihreBedeutungzu interpretieren.

Mit einemMultidimensional-Scaling-VerfahrenwurdeeineDatenbankzurGeruchswahr-

nehmungdurcheineneuklidischenRaumapproximiert. DieseDatenermöglicheneine

eigensẗandigeInterpretationder Geruchswahrnehmung,auchohnedasWissen,ob der

,,Geruchswahrnehmungsraum“nunmetrischistodernicht. UnterVerwendungvonselbst-

organisierendenKartenwurdenzweidimensionaleKartendiesereuklidischenInterpreta-

tion des,,Geruchswahrnehmungsraumes“erstellt.

DieseArbeit erweitertundstütztdiezentralenErgebnissederDoktorarbeitvonChristine

Chee-Ruiter, erstelltim Jahr2000amCaliforniaInstituteof Technology[12].



Abstract

The role of highercortical regionsin olfactoryperceptionis not very well understood.

Scientistsmustchoosetheir stimuli basedlargely on their personalexperience.Thereis

no guaranteethatthechosenstimuli spanthewhole“olf actoryperceptionspace”.

Using well-known numericalmethodswe presenta robust infrastructurefor analyzing

andinterpretingcurrentandfuture psychophysicalandneurophysiologicalexperiments

in termsof “olf actoryperceptionspace”.

An olfactoryperceptiondatabasewasprojectedonto the nearesthigh-dimensionalEu-

clideanspaceusinga MultidimensionalScalingapproach.This yields an independent

Euclideaninterpretationof odorperception,nomatterwhetherthisspaceis metricor not.

Self-organizingmapswereappliedto producetwo-dimensionalmapsof this Euclidean

approximationof theolfactoryperceptionspace.

This thesisextendsandsupportsthe centralresultsof a recentPhD thesisby Christine

Chee-Ruiterat theCaliforniaInstituteof Technology[12].
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C H A P T E R 1

Intr oduction

This thesisintroducesa new approachto mappingthe so-called“olf actory perception

space”,which is thestructurethatorganizesolfactoryperceptionsaccordingto a certain

(sofar unknown) system.Themaingoalof mappingthis spaceis to improve theunder-

standingof thesenseof smell.

1.1 The Senseof Smell

Humanbeingshave � ve mainsenses:hearing,sight, touch,tasteandsmell. For several

thousandyears,not only philosophersandscientistshave beentrying to understandthe

humansensesandhow the world is perceived usingthem. The chemicalsenses,espe-

cially thesenseof smell,arestill notverywell understood.This is in spiteof thefactthat

smell is oneof ouroldestsenses.

Nowadaysourhighly developedsensibilitiesseemto beoffendedby olfactorypercep-

tions,which meansthatour sanitizedenvironmentdoesnot containmany odorantsthat

couldserveasa information-carryingstimuli. Hence,peoplearenot awarethatthesense

of smellmighthavebeenamainsensefor ourancestors.Consequently, mostpeoplehave

problems�nding “words” to describetheir smellsensations.It seemsto bemucheasier

to recognizea known odorantor to discriminatetwo odorantsthanit is to �nd a suitable

label(aso-calledodor)characterizinganodorouschemical.
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However, chemicalsthat have a smell — so-calledodorants— can in�uence our

mood,they cantrigger discomfort,sympathyaswell asrefusal. Reactionslike this are

hardto suppresssinceneuronsof thenoseareconnecteddirectly to apartof thebrain,the

so-calledolfactorybulb. Furthermore,ournoseis capableof distinguishinga tremendous

numberof odorsandof detectingchemicalmoleculesevenin a very low concentration.

Therefore,not only theperfumeindustryhasa high interestin a deeperunderstandingof

thesenseof smell.

In thelast few decades,moreandmoreof thefundamentalprocessesin theolfactory

bulb have beenunderstood[4]. Even thoughresearchon the molecularlevel hasmade

suchrapidprogress,thesignalprocessingonthewayfrom thebulb to theolfactorycortex

andtheodorantperceptionin thesehighercorticalregionsis far from beingunderstood.

1.2 In Search of the Odor Space

Fromantiquetimes,philosopherslike Aristotle have soughtfor insightsaboutthesense

of smell. But eventhoughresearchstartedthis early, thereis still a tremendousneedfor

resultsconcerningthecategorizationof odorqualities.Becausethereis no physicalcon-

tinuumassoundfrequency in hearing,scientistsmustchoosetheir stimuli basedlargely

on their personalexperience.Consequentlythereis no guaranteethat the chosenstim-

uli spanthewhole“olf actoryperceptionspace”,which canbecomparedto thewheelof

colorsfor vision. Thereis not evena testto assesshow well participantsin the experi-

mentscansmell.Besides,mostpsychophysicalexperimentsareusingchemicallysimilar

compounds.Suchexperimentsassumethattheolfactorysystemclassi�esmoleculesinto

distinctchemicalcategoriesthatarebasedon structuraldifferences[12].

Dueto thefactthatit is still notpossibleto predicttheodorqualityof astimulusbased

solelyon its molecularstructure[46], thisassumptionseemsto bemoreof a researchtra-

dition thanasolid theory.
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Genderor cultural differencesmight in�uence the perceptionof certainstimuli, but

we have no knowledgeaboutthesefactors.Similarly, thereis no generalmethodto test

theoverall capabilityto smellof subjects— in contrastto thesenseof vision, for exam-

ple. Thereareindicationsof culturaldifferencesin odorperception.

Ayabe-Kanamuraet al. [5], for example,testedgroupsof JapaneseandGermansub-

jectsfor their odorperceptionsof typical JapaneseandGermandishesthatarenot well-

known in theotherculture(e.g. sushiandbeer).They foundindicationsthatthecultural

backgroundleadsto differencesin odorqualityperception.Soeventhechoiceof subjects

for apsychophysicalexperimentcanbeproblematicwithoutagoodunderstandingof odor

space.Whereaswe do not think that theexisting resultsarefundamentallywrong, they

might belessaccuratethanthey couldbewith a betterunderstandingof theorganization

of theodorspace.

1.3 Quantifying Olfactory Perception

Especiallythelack of anobvious“order” of odorsmakesa mapof odorperceptionvery

interestingfor research.A mapof odorquality couldhelpto de�ne “neighborhoods”for

differentodorsandto de�ne ageneralspectrumof odors.Sofar, wecannottell if appleis

locatedsomewherebetweencherry andbananaor not. Conversely, a betterunderstand-

ing of odorcategorizationmight help to understandtheperceptionof differentodorants

andtheway they areprocessedin theneuralodorperceptionnetwork.

But whatcanbeexpected?Canwe �nd a physicalmeasurefor odorquality? There

is skepticism. We do not expectto �nd a metric to predicttheodor quality thatwill be

evoked by a certainodorant. However, we will try to �nd a measurethat is ascloseas

possibleto our intuitiveunderstandingof odorsimilarity, to achieve a projectionof odor

perceptionthatpreservesknown relationshipsaswell aspossible.

If we had a reliable model for differencesbetweenodors,we could try to project
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this informationontoa Euclideanspace.This datacould thenbeanalyzedwith already

existing datamining methodsfor high-dimensionalEuclideansets. In the end,it might

becomepossibleto derive new ideasaboutchemicalrelationshipsand the interaction

betweentheolfactorybulb andtheolfactory(pyriform) cortex basedon odorperception

maps.It wouldbecomepossibleto searchthroughamapof odorantsandto selectstimuli

accordingto theodorperceptionpro�le they will evoke. It couldenabletheneurosciences

to spotnew structuresin thesignalprocessingof odorantinformationandcould�nd use

in medicalapplications,e.g.to testsigni�cant defectsof thesenseof smellin Alzheimer's

or Parkinson'sdisease.

1.4 ThesisOutline

Interdisciplinaryresearchcanbechallengingaswell asfrustrating.Usually, anaudience

is madeup of specialistsfrom differentareas.While onepart of the audienceis bored

becausethey alreadyknow mostof themethodspresented,theotherpartis overwhelmed

by thedensepresentationof ideasthat,for them,arecompletelynew. Eachpersonmight

experiencebothof thesesituationsseveraltimesin thedifferentstagesof a typical inter-

disciplinarywork.

I personallyexperiencedthisproblem.WhenI �rst hearda talk aboutneuroscienti�c

spikes,I got swampedby thehugeamountof informationandusedterms,I never heard

of. The otherway around,I wasmore thanboredaboutthe following discussionthat

concernedof theabsolutevalueof acomplex number. To solveat leastthe�rst problem,

I decidedto giveacomprehensiveview on theneuroscienceof thenoseaswell asacom-

prehensive introductioninto all theoretical�elds that I usedin this thesis. The second

problem,which is feelingbored,canbeeasilysolvedby turningover thesepages.

In otherwords,asa specialistin a certain�eld, you areencouragedto skip theintro-

ductionof thechaptersbelongingto your �eld of expertise,sincethey areprobablynot

very informative for you. For everyoneelse,eachnew topic beginswith a shortillustra-

tion of themainideasof theunderlyingtheories.Thesecondstructurethatcanbefound
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in this thesisaddressesthesuccessive developmentof anodormap. We will startwith a

shortexcursioninto neuroscience,describingfundamentalknowledgeaboutthesenseof

smellandthemappingof odorspace.Afterwards,we will tracethesuccessive stepswe

hadto take to reachameaningfulodormap.

In Chapter2, thephysiologyof thenoseis summarizedbrie�y . Furthermore,�rst ap-

proachesto odormappingaredescribedat theendof this chapter. This chapterpresents

the mostcurrentunderstandingof smell perception.Of course,this introductionis re-

strictedto essentialknowledge,asthis thesisdoesnot actuallyfocuson neuroscienti�c

data.

However, it is importantto gainabasicknowledgeof thesenseof smellto understand

whatkind of essentialquestionshave to beanswered.Thebrief introductionin Chapter2

is dedicatedespeciallyto all non-neuroscientists— likeme— whoarereadingthisthesis.

This thesismainly extendsbasicideasproposedby Chee-Ruiter[12]. This approach

is introducedin Section2.4. We will usein the following chaptersthesamedataasshe

did. This is a datasetbasedon the Aldrich Flavor and FragrancesCatalog [2], which

includesdescriptionsof almost900chemicalsusingabout300odordescriptors.

Thenext threechapters(Chapter3,4 and5) discussassumptions,measuresandmeth-

ods usedto solve the problemof mappingthe odor space. In thesechapters,a short

introductionis given into the modelsusedandthe new ideasthat aredeveloped. This

introduction is followed by the applicationof thesemethodsto an experimentalodor

database.Consequently, the interim resultsof our work are found at the endof these

chapters.

Chapter3 describesthedevelopmentof ametricthatexpressessimilaritiesor dissim-

ilarities betweenelementsof an experimentaldatabaseadequately. For odor similarity

dataa specialsemi-metric,calledSubdimensionalDistance, is proposed.This metric is
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Subdimensional
Distance

Multidimensional
Scaling

Self-Organizing
Maps

(nxn) dissimilarity
matrix

n p-dimensional
feature vectors

n q-dimensional
Euclidean points

2-dimensional
topology map

(p>q>>2)

Figure 1.1: Data �o w thr oughmapping infrastructur e.

foundto bethemostsatisfyingintuitively. Also, theindependenceof ourapproachof the

quality of psychophysicaldatais emphasized.Using this speciallydesignedmetric,we

obtainadissimilarityestimateof theodordata,namelya ��������� dissimilaritymatrix(see

Figure1.1).

In Figure1.1, the data�o w from the raw datato the odor mapis shown. � experi-

mentalobservationvectorsaregiventhathave 	 featureseach.We will derivea ���
�
���

dissimilaritymatrixoutof thesefeaturevectorsusingthesubdimensionaldistance.There

is a well-known numericalmethodto reconstructmetricpointsfrom a dissimilarity(dis-

tance)matrix. Thismethodis calledMultidimensionalScaling(MDS).

In Chapter4, MDS is presented.The main ideais just to ignorewhatever structure

mightunderlietheodorspacedataandinsteadto �nd theclosest� -dimensionalEuclidean

representationof thegivendissimilaritymatrix.

Theodorspacewasfoundto betoo complex to derive a mapout of theMDS points

directly. This is because� , thedimensionof thebestEuclideanrepresentation,is much

biggerthan2. If � hadbeen2 thisthesiswouldhaveendedatthispoint. As it stands,how-

ever, we needa visualizationtechniquefor high-dimensionalspaces,andso in Chapter

5, we applya well-known methodfor topology-conservingdatadisplay, so-calledSelf-

organizingmaps(SOMs).

In Chapter6, we givea comprehensivesummaryof theseresultsaswell asa motiva-

tion of how theresultingmapscanbeusedto testexistinghypotheses.Wewill answerthe

questionof how theodorsapple, bananaandcherry areorderedin odorspace.Further-

more,we will compareour mapwith existing approaches.Connectionsto Chee-Ruiter's



1.4ThesisOutline 7

directedgraphwill beshown.

Wefoundevidencetosupporttheso-calledecoproximityhypothesis.Thisis ahypoth-

esisabouttherole of key atomsin theenvironmentfor odorperception.This hypothesis

andtheevidencethatwe foundwill bepresentedat theendof this chapter.

In the last chapterof this thesis,the infrastructureusedto generatethe mapandthe

resultswill bediscussed.Finally, wewill endthediscussionwith anoutlookon potential

projectsandfuturework.
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Smell (Olfaction)

Anythingthathasasmellconstantlyevaporatestiny quantitiesof moleculesthatcausethe

smellperception,so-calledodorants,into thesurroundingair. Therefore,theair is �lled

with a mixtureof differentodorants,whetherthey wereevaporatedby a beautifulroseor

a rotting �sh. Thesemoleculesaretiny, mostly invisible andchemicallyhighly reactive.

A sensorthat is capableof detectingsuchmoleculesis calleda “chemicalsensor”.Thus

thenoseis achemicalsensorandthesenseof smell is achemicalsense.

Eventhoughmosthumanbeingsarenot actively consciousof their senseof smell,it

is themainsensefor mostmammals.They identify essentialthingslike food,enemiesor

evensexual partnersusingtheir nose.Odorantsareableto in�uence our moodandcan

trigger discomfort,sympathyaswell asrefusal. They might even in�uence our sexual

feelings,sinceeachindividualhasanunique,geneticallybiasedsmell. Sofor humans,it

seemsto bevery likely thatfrom anevolutionarypointof view thenoseplayedanimpor-

tant role andprobablystill doesso. Wells andHepper[53] have drawn attentionto the

oftenoverlookedpresenceof oursenseof smell.They testeddogownersfor their ability

to identify individual dogsby their smell. Interestingly, 
�
������ of the participantswere

ableto recognizetheodorof theirown dog.

Mammalscandistinguisha tremendousnumberof odorants,e.g. humansareable

to differentiate(dependingupontraining)around10,000of theseodorouschemicals[4].

A smell sensation,a so-calledodor (e.g. �or al), can be perceived even in a very low
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Figure2.1: Schematicview on the human nose.Inhaledodorantsbindto neuronslocatedin the
olfactoryepithelium.Thisepitheliumis locatedin theupperareaof thenasalcavity. Picture taken
from[4] .

concentrationof thecorrespondingmolecules(odorantmixtures,e.g.lavenderoil). Some

odorantscanbedetectedevenif theconcentrationin theair is only onepartpertrillion. A

“betternose”in othermammalsdoesnot necessarilydetectmoreodorantsthana human

nose,however, well trainedsnifferslikedogshavetheability to perceiveodorantsalready

in substantiallysmallerconcentrations.

About 1000differenttypesof molecularreceptorshave beenidenti�ed in thehuman

nose[8]. This is a remarkablylargenumber, becauseat leastthesamenumberof genesis

necessaryto expressthesereceptors.In otherwords, ������� of all the50,000to 100,000

humangenescodefor thesenseof smell[8], [4]. Thusthesereceptorsrepresentoneof the



10 Smell (Olfaction)

Figure 2.2: Image of an Olfactory ReceptorNeuron. Theimagesareshown magni�ed 17,500
times. Left: Olfactoryreceptorneurons(ORNs)arelocatedin theolfactoryepithelium. Right:
So-calledcilia protrudefrom thetip of anindividualORN.Odorreceptorproteins(ORPs)located
on thecilia bind to odorants.Image takenfrom[4] .

largestgenefamiliesthathasbeenfoundsofarin thehumangenome.Thisfactmaycount

asevidencefor theextraordinaryrelevanceof this sensein theevolutionof mammals.

2.1 Stimulus Detectionin the Olfactory Epithelium

Odorantsbehave like ligandsandbind to speci�c OdorReceptorProteins(ORPs).Olfac-

tory ReceptorNeurons(ORNs)in theolfactoryepitheliumexpresssuchORPsontheir tip

on thesurfaceof hairlikestructures,so-calledcilia. Theolfactoryepitheliumis locatedin

theupperareaof thenasalcavity andhasa sizeof about ������������� [45]. Odorantsbind to

theORPsandstimulatetheneuronsto �re. Thereareup to 50 million ORNslocatedin

theepithelium[40]. Figure2.2showsahighly magni�ed imageof anORNin theepithe-

lium (left) andaclose-upof thecilia on anORN(right).
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Figure 2.3: Olfactory Epithelium. Cilia rise into mucuslayer, the top layer of the olfactory
epithelium.ORNsaresurroundedby supportcells.A layerof basalcells(or stemcells)sitsunder
thelayerof ORNs.Picture takenfrom[36] .

Besidesthe �! million ORNs,thereareso-calledbasalor stemcells,whichareableto

generateORNsthroughoutthe lifetime of anorganism(seeFigure2.3). Theneuronsin

theolfactoryepitheliumareregeneratedcontinuouslyapproximatelyevery50to 60days.

In this respectthey differ from commonneurons,which aregenerallybelieved to grow

onceandarenever replacedagain.

EachORNexpressesonly onetypeof ORPon its surface[37]. Thedifferenttypesof

ORN aresegregatedinto 4 main zones.Within thezones,theORN typesarerandomly

distributed[9]. In situ hybridizationexperimentsby Axel et al. [4] visualizedthepath-

waysof ORNscarryingthesameORP. The expressionof a specialORPgenecauseda

bluecoloringof theORNcell at thesametime.

2.2 SignalProcessingin the Olfactory Bulb

Olfactoryreceptorneuronsarebipolarneurons.Theiraxonsendin themucousmembrane

aswell asin theolfactorybulb, anappendixof thebrain. Theolfactorybulb is divided

into two interconnectedwings.SeeFigure2.4for aschematicview of thebulb.
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Figure 2.4: Olfactory Bulb. ORNssendtheir input throughthe craniumto the olfactorybulb,
wherethe ORNsconverge at sitescalledglomeruli. From there,signalsareprojectedto other
regionsof thebrain,includingtheolfactorycortex. Picture takenfrom[4] .

Therearecertainspatialregions,socalledglomeruli,wheretheendsof severalORNs

gather. While ORNsarerandomlydistributedwithin theOlfactoryEpithelium,all ORNs

of the sametype converge to receptor-speci�c glomeruli in the olfactory bulb. The

glomeruli are able to stimulatethe neuronof the next level (so-calledmitral cells) to

�re signalsinto higherbrainareas.

However, the questionariseshow humansareableto distinguishmorethan10,000

odorantswith just1,000differentreceptortypes.It hasbeenshown thatmammalsexpress

eachof the 1,000codingreceptorgenesin approximately �"#�$� of all ORNs[4]. Thus

probablyeachneuronexpressesonly aspeci�c gene.Furthermorepolymerasechainreac-

tion (PCR)experimentsindicatethatonly identicalreceptorgenesareactivatedin ORNs
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of the sametype. Thesetwo discoveriesby Malnic et al. [37] lead to the assumption

thateachORNseemsto carryoneandonly onecharacteristicORP. Sothesenseof smell

seemsto be codedby a patternsystemusingan alphabetof about1000glomeruli. It

shouldbe mentionedthat a singleodorantcanactivateseveral different typesof ORN

andthuscreatesa speci�c pattern,but the same,singleORNscanrespondto different

odorants[9].

This kind of coding enablesthe senseof smell to detectmoreodorantsthan there

are ORPs,becauseodorantscan be identi�ed by a patternof activated,ORP-speci�c

glomeruli. Evenif extensive partsof theOlfactoryEpitheliumbecomedamaged,there-

mainingneuronswill still beableto activatetheircorrespondingglomeruli.Similarly it is

possibleto amplify evensmallestamountsof inhaledmoleculesat theglomeruluslevel.

Thismeansthatthesenseof smell is assensitiveasit is robust.

Signalsfrom theolfactorybulb aretransmittedbothinto theneocortex, in whichcon-

sciousprocessestake place,andinto the limbic system,which initiatesemotions.This

mightbeonereasonwhy smellsnotonly supplyactualinformation,but alsoleadto emo-

tionalandrathersubconsciousreactions[4].

2.3 SignalProcessingin the Olfactory Cortex

It might beassumedthathighercorticalareaseasilydecodeincomingactivationpatterns

from theglomeruli to decidewhich neuronshave �red. However, themechanismwithin

theglomeruli is not clear[9]. It is neitherknown how many differenttypesof ORN lead

into thesameglomerulusandwhat the ORP-speci�ccodinglooks like exactly, nor is it

known how glomeruliprojecttheprocessedinput into highercorticalareas.

Not only externalsensoryinput (evokedby odorants)reachesthebulb, thereareneu-

ronsconnectingthebulb with higherlevelsof thebrain.It is unknownwhattheinteraction
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Figure2.5: Henning'sodor prism Triangularprismproposedby Henningasanolfactorymodel.
The primaryodorsarelocatedat the corners.Otherodorscanbe mixturesof the primariesand
thushave coordinatesinsidetheprismor on its surface.

betweenhighercorticalsignalsandthesensoryinput lookslike,neitherhow theinput is

in�uenced by corticalareasnor how the incomingsignalsin�uence thecorticalpercep-

tion of thesmell[1].

In fact,smellscanbeastrongreminderof childhoodmemories,evokeemotions(pos-

itive as well as negative) and help us avoid spoiledfood. Most peopleeven connect

olfactoryperceptionwith picturesor situations,thereforeall judgementsof asmellmight

bein�uencedby subjectivefactorslikepersonalexperienceandculturalbackground.The

senseof smellseemsto bebasedon ahighly timedependentcomplex feedbacksystem.

2.4 Approachesfor Mapping the Odor Space

Fromantiquetimes,philosophershavesearchedfor aphysicalcontinuumto measureand

labelsensationsof smell. Aristotle (384BC - 322BC) tried to describeandclassifyol-

factorysensationusingthesameschemeheusedfor taste,exceptfor anolfactoryquality

hecalledfetid. But Aristotle felt tastewasto put in ordermuchbetterthansmellseems

to be[10], [36].
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Later, in the �%
�&(' and �%)�&(' century, scientiststriedto groupodorsinto differentclasses,

just asanimalandplantspeciesareclassi�ed. Linnaeus(1752)groupedodorsinto seven

classes:aromatic,fragrant,ambrosial,alliaceous,hircine, repulsiveandnauseous. A re-

�ned versionof this classi�cationby Zwaardemaker (1895)remainedaccepteduntil well

into the �! &(' century. Theseearlymodelswerebasedon personalexperienceratherthan

on experimentaldata[10].

Henning[21] tried to de�ne primaryodorsexperimentally. Heproposedaprismwith

six corners,labeledasputrid, fragrant, spicy, resinousandethereal (seeFigure2.5). So

eachodorwouldoccupy acertainpositionin theprism,correspondingto its resemblance

to the primary odors. For examplethe odor thymewould probablybe locatedbetween

fragrant andspicy. However, experimentalsubjectsproducedgreatvariationsin where

on theprismdifferentodorsareplaced,soHenning's theoryeventuallyfell out of favor

[36].

In 1968Woskow [56] appliedan early multidimensionalscaling(MDS) methodto

psychophysicaldata,assumingthathis dataweremetric. He directly derivedsimilarities

from amatrixof ���+*,�!� odorants.Themethodyieldeda three-dimensionalspace,but this

surprisinglysmalldimensioncouldbecausedby hissmallsetof odorants.

Schiffman[46] reanalyzedWoskowsdatausinganonmetricMDS, sincethereis noapri-

ori reasonto assumethat thedataaremetric. Shefound thatno singlephysicochemical

parametercouldbeusedindividually to predictodorquality.

In Addition to thesephysicochemicalmaps,severalempiricalapproacheshave been

widely usedby theperfumeindustry. In all cases,two- or three-dimensionalspacesare

proposed.However, thescienti�c basisleadingto theserepresentationsremainsunclear.

It might besupposedthatin mostcasesthesemodelsareempiricalcategorizationsrather

thanscienti�cally validatedolfactorymaps.

But even today scientistsmustchoosetheir stimuli basedlargely on their personal

experience.Thereis no guaranteethat thechosenstimuli areableto spanthe“olf actory
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Figure 2.6: Part of Chee-Ruiter's odor graph. Thedirectedgraphconsistsof connectionsbe-
tweenoneodor A andits nearestneighborB given by I(A,B). The completeodor graphcanbe
seenin FigureB.1.

perceptionspace”appropriately. For thesepurposes,an adequatemodel is neededthat

would for exampleallow oneto determinewhetheror notanodorC is betweentwo other

odorsA andB.

2.4.1 A new Approachby Chee-Ruiter

In thelastdecadestheunderstandingof the�rst level signalprocessingin thenosemade

sucha rapidprogress,that it lookedlike neurophysiologicalandmolecularbiologicalre-

sultswill leadto a completeunderstandingof thesenseof smell. But still, therearea lot

of thingswe still do not know. Unfortunately, almostall existing approachesfocusedon

theunderstandingof relationshipsbetweenodorantcharacteristicsandodorquality.

In 2000ChristineChee-Ruiterthencameup with a completelynew idea. Shepro-

poseda methodto extract informationaboutodorsfrom a hugepsychophysicaldatabase

aboutodor quality of almost900 chemicals.So for the �rst time a modelcould be de-

rivedthattriesto expressthesenseof smellattheperceptuallevel,notatthesensorylevel.
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Chee-Ruiter[12] hasproposedan odor map constructedusing a directedgraphof

odors,whereeachodorA is connectedto its nearestneighborB with respectto the fol-

lowing similarity measure: -

.0/

�214365��87

/

��59361:�

I is saidto beanapproximationto thecross-entropy informationmeasure.A smallpart

of this graphcanbeseenin Figure2.6, in theAppendix,FigureB.1, thecompletegraph

is shown.

Theconstructionof agraphlikethisallowedChee-Ruiterto visualize�rst-level struc-

turesin odor quality space.Furthermore,somecontiguousregionsareindicatedon the

map,suggestingthat thereis a relationshipbetweenatomicelementsandodor quality.

This hypothesiswill be discussedin Chapter6 in comparisonto the resultsof our ap-

proach.

In any case,oneproblemof interpretingodorspaceasagraphis thesubjectivespatial

orientationof theresultingmap.Thatis, structuraldecisionsin laying out thegraphmay

be basedon subjective expectations.We canillustratethis usingFigure2.6. The odors

cognac,melonandrum arelocatedin thetop-centerregion. Assumingonemight decide

cognacandrum shouldbeclosertogether, without melonbetweenthem,meloncouldbe

movedcloseto fruity, withoutchangingthegraphasawhole.Now it shouldbeclearthat

agraphhastoomany degreesof freedomto serveasa reliablemap.
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Quality and Comparisonof Experimental Data

In this chapter, we want to discusshow to extractodorperceptioninformationfrom ex-

perimentaldata. The topic of this chapteris thustwofold. First, we have to talk about

psychophysicalexperiments;then,we will addressthe comparisonof experimentalre-

sults.

Modern psychophysicsis devoted to quantifying the relationshipbetweena given

stimulusandthetriggeredsensation,usuallyfor thepurposeof describingtheprocesses

underlyingperception[36].

Theserelationshipsaredocumentedusingso-calledobservationvectors (or feature

vectors). Think of anexperimenttestingtheodorqualityvaluesof odorants.Let * beone

of the stimuli, say ; -Toluenethiol. This odorantis often usedto give cannedsoupsthe

typicalaromaof meat.Evenin low concentrations,it smellsvery intenseandunpleasant,

with a slightly sulfurousnuance.The subjectsnow have to smell this substanceamong

othersubstancesseveral timesandhave to judgethe odor quality. This is doneby �ll-

ing out a datasheetfor eachstimulus. The sheetconsistsof a setof odor descriptors,

e.g. fruity; the descriptorsmatchingthe subject's perceptionaremarked. The classical

psychophysicalapproachaveragestheresultsandextractsfeaturevectorsusinga certain

threshold. If unpleasantis descriptor< for example,then the < -th entry of observation

vector =?> wouldpresumablybesetto one(if ; -Toluenethiolis beingpro�led).
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3.1 Distancesand Similarities

An observationvector =@> that is gainedin suchanexperimentquanti�es theperceptive

reactionsto a stimulus * , often in binaryquantization.We areusuallytrying to put two

givenobservationvectors=@> and =?A with

=?>

.

��;

> B

"#�#�#��"C;

>D

�FEG" =?A

.

�2;

A

B

"H�#�#�H"I;

AD

�JE (1.1)

in onecontext. Thismeansthatwearecomparingtwoobservationswith eachoneanother

to obtaininformationabouthow they relate,how similaror dissimilarthey are.Themain

problemin measuringsimilarity is to deviseanappropriatedistancefunction KL�2=M>�"I=?A��

that yields intuitively satisfyingresultsfor the dissimilarities(the distances)of =M> and

=?A . That is, the dissimilarity measureshouldyield a high numberwhenthe two obser-

vationsdiffer in a high numberof features(parameters)anda lower numberotherwise.

Conversely, wewouldexpectasimilarity measureto producea low valuefor ahighnum-

berof equalfeatures.

The term distanceis often usedto describepreciselythe differencesof actualmea-

surements,while “dissimilarity” might beanestimationof a distancewe arenot ableto

measurephysically. But distancecanbe interpretedasa dissimilarityaswell. Basically

distanceandsimilarity arereciprocalconcepts.

To interpretdissimilaritiesin a geometricalsense,e.g. to derive a map out of an

existing dissimilaritymatrix, it is reasonableto interpretdissimilaritiesasdistancesin a

metric space.This enablesus to measuredistancesbetweentwo observationslike on a

city map. On the otherhand,especiallywhendealingwith highly complex objects,it

is not alwayspossibleto expresssimilaritieswith a mathematicallystringentmetric. To

clarify thispracticalproblem,wewill now giveade�nition of amathematicalmetric.

De�nition 3.1.1 Metric. Let KL�2=N>�"C=?AH� be a distancefunctionthat de�nes the dis-

tanceof an observation=@> and an observation=@A . If this distancefunctionful�lls the
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following conditions,it is calleda metric.

��KL�2=?>�"I=?A#�POQ R� S �2KL��=?>�"C=?AH�

.

 UT *

.WV

� (positivede�niteness)(1.2)

KL�2=?>�"I=?A#�

.

K,��=?A$"C=?>$� (symmetry) (1.3)

KL�2=?>R"I=NXY�[ZQKL�2=?>�"I=?A#��\]KL�2=?A+"C=NXY� (triangle inequality) (1.4)

De�nition 3.1.2 Semi-MetricandAsymmetricMetric

A semi-metricdoesnot ful�ll thetriangle inequality, but is positivede�nite andsymmet-

ric, i.e. it ful�lls theconditions(1.2)and(1.3)of a metric.

An asymmetricmetric is positivede�nite and ful�lls the triangle inequalitybut is not

symmetric,i.e. it ful�lls only theconditions(1.2)and(1.4)of a metric.

It shouldbementioned,thatsemi-metricsaswell asasymmetricmetricsarenot suit-

ablefor interpretationasdescribinga geometricalspace.Undera semi-metricthedirect

connectionbetweentwo pointsdoesnothave to betheshortestpath,andunderanasym-

metric metric, the route from onepoint to anothermight be shorteror longer than the

routeback.Nevertheless,semi-andasymmetricmetricsmightbemoresuitablethanpure

metricsfor describingdissimilaritiesbecausethey arelessrestrictedand,a priori, anex-

perimentalfeaturespacedoesnot necessarilyhave to satisfytheconditionsfor a metric.

On thecontrary, similarity hasbeenshown in severalexperimentsto beveryasymmetric.

For example,subjectssaidthat the number99 wasvery similar to the number100,but

balkedatdescribing100asverysimilar to 99 [39].

An importantquanti�er for anobservationvectorin thecontext of differentmetricsis

its stuf�ng , solet usde�ne this termin thefollowing.

Thestuf�ng of anobservationvector =@> is thenumberof componentsthatdiffer from

zero.For binaryvectors,this canbeexpressedasasumoverall components:
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De�nition 3.1.3 Stuf�ng of observationvectors.

^`_Iacbed�f

��=?>$�Pg

.0h

=?>ig

.kjLl

;

>

l

(1.5)

3.2 Typical Dissimilarity Measures

Therearemany differentmetricsfor expressingthedistancebetweentwo objects.There-

fore, the importanceof choosinga suitablemetric shouldbe emphasizedagain. This is

essentialfor a meaningfuldescriptionof a dataspace. It shouldbe clear that a wrong

descriptionof factsleadsto wrongresultsandcannotbecompensatedin latersteps.We

have to admitthoughthatit is notveryeasyto prove“correctness”in this context.

A reasonableapproachis to testthemostcommonlyusedmetricsandevaluatethem

for speci�c data.Basedon theseresults,onecandevelopone's own (speciallyadapted)

measure,to obtaina measurethat is asintuitively satisfyingaspossible.Consequently,

we will startby describingsomecommonmetrics,andafterwardsa shortderivationof

ournew dissimilaritymeasurewill begiven.

The�rst metricto bede�ned is theso-calledMinkowski Metric. It is thegeneralcase

of a setof typical andfamiliar metrics.Thebasicstructureof thesemetricsis de�ned as

follows:

De�nition 3.2.1 MinkowskiMetric.

KRm?��=?>�"C=?AH�[g

.on�j,l

36;

>

l

��;

A

l

3 p%q

B2r

p

"Cs9Ot��"Ysvu9w (2.1)

As a specialcaseof the Minkowski Metric with s

.

� , the city-block (or Manhattan)

distanceKyx betweentwo observations=@> and =?A is de�ned asfollows:
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De�nition 3.2.2 City-Block Distance.

KRxz�2=?>!"C=?AH�[g

.0j,l

36;

>

l

��;

A

l

3

B

(2.2)

TheManhattanmetricis calledHamming Distanceif theobservationvectorsarebinary.

In fact, this distancecountsthenumberof differencesbetweentwo binarystrings. This

meansthattheHammingDistanceK

'

�2=?>�"C=?A�� is de�ned asfollows:

K

'

��=?>�"C=?AH�[g

.

*L;+{��2=?>!"C=?AH�

.0j,l

36;

>

l

��;

A

l

3 =?>R"C=?A?u4|+ �"#�!}

D

(2.3)

The Minkowski Metric with s

.

� , called the EuclideandistanceKc~ betweentwo

observations=N> and =?A , is de�ned asfollows:

De�nition 3.2.3 EuclideanDistance.

KR~#��=?>�"C=?AH�Pg

.
j,l

�2;

>

l

�•;

A

l

�

�

(2.4)

Distancesof awholematrix canbeef�ciently calculatedusinganexpandedformula
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The Tanimotocoef�cient is an intuitive similarity measure,as it is “normalized” to

accountfor the numberof bits that might agreerelative to the numberthat do in fact

agree.

De�nition 3.2.4 TanimotoSimilarity Measure.
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De�nition 3.2.5 Cross-entropyInf ormation Measure.
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I is an approximationto the cross-entropy information measure[12] and was usedin

Chee-Ruiter's mappingapproachasanestimationof odordissimilarities.Equation(2.7)

is de�ned herefor discretefeaturevectors.This measureis a similarity measureon the

interval ˆ‰ �Š#��‹ . Thecorrespondingdissimilaritymeasure�Œ�

-

is a semi-metricaccording

to De�nitions 3.1.1and3.1.2.

Wehavealreadydiscussedtheimportanceof amathematicalmetricfor thegeometri-

cal interpretationof asetof points.If onecannotuseametricbecauseit doesnotcapture

therelevantcharacteristics(or ausablemetricis still unknown), onewill try to formulate

adissimilaritymeasurethatis assimilar to ametricaspossible.

3.3 Quality of Odor Dissimilarity Data

Now thatwe know somany metrics,we shouldtake a closerlook at thedatawe actually

want to analyze.In avoidanceof misconceptionsusingtheessentialtermsusedin odor

perception,anexactde�nition �rst hasto begivenfor them.

De�nition 3.3.1 OdorantandOdor

AnOdorantis a chemicalsubstancethatevokestheperceptionof a smell.Smellsensation

is usuallydescribedusingcertain words that classifythe perception. Thesewords are

calledOdor Descriptors(or justOdors).

In otherwords,anodorantis a chemicalthatsmells,e.g.roseoil. Roseoil is anethe-

realoil that it evokesa characteristicsmell. Odorsareusedto describethis smell. Thus,

theodorsevokedby roseoil maybe,for example,�oral, pleasant,intenseandrose.

Assumingwe know a distancebetweenall disjoint pairsof odors,theseodorswould

spanacertainspace.Thisspaceis de�ned asfollows:

De�nition 3.3.2 Odor Space

TheOdorSpaceconsistsof all OdorDescriptorsthatareusedto describeOdorants.The
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positionof Odor Descriptors in this spaceis determinedby their relationshipsto each

other.

Thedimensionalityandthemetricof thisspaceor anythingelseaboutthestructureof

this spaceis unknown.

To illustratewhatatypicaldatasetlookslike,let usexamineatiny databaseconsisting

of only threeodorants:hexyl butyrate,methyl-2-methylbutyrateand6-amyl-• -pyrone.

And furthermorelet us assume,thesechemicalsarecharacterized(e.g. by an objective

psychophysicalexperiment)by thefollowing pro�les:

hexyl butyrate g sweet– fruity – pineapple

methyl-2-methylbutyrate g fruity – sweet– apple

6-amyl-• -pyrone g coconut– nutty– sweet

Thesepro�les areusuallycollectedin a databasewhereevery ”X” marksthe evocation

of anodorby thecorrespondingodorant.For example,chemicalŽŒ• smellssweetbut not

fruity.

odorant fruity pineapple sweet apple coconut nutty

Ž

B

g hexyl butyrate • • •

Ž

�

g methyl-2-methylbutyrate • • •

ŽP•Œg 6-amyl-• -pyrone • • •

Thesamecanbeexpressedmoremathematically, resultingin a matrix ‘ de�ned asfol-

lows:

‘

. ’“

“

“”

Ž

B

Ž

�

ŽP•

•H–

–

–

—

.

odordescriptors̃L™Fš6›6›6› š ˜cœ

• žHŸ  

¡¢

¢
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� � �    

�  � �   

  �  � �

¤¦¥

¥

¥

§

containingin eachrow < the odor pro�le (or the featurevector) of odorant Ž

l

. Each

column ¨ storesinformationon whetheranodorantŽ

l

evokesodor =ª© or not. Basedon
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C, anew matrixO canbegeneratedby simply transposingmatrixC:
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Now eachrow < carriesinformationaboutodordescriptor=

l

. Chee-Ruiter[12] proposed

this ideato extractinformationaboutodors.It shouldbementionedthatthis datais rela-

tively independentof thechemicals.Of courseherethedataresultsfrom severalodorants,

but matrixO couldbeenhancedby new – but notonly chemical– characteristics.

Thereareseveraldatabasescontainingdataonodorantperception.Mostof themcon-

sistof chemicalpro�les similar to our smallexample.Usually, thepro�le of a chemical

is derived by an expert or a groupof subjects,who categorize their perceptionof this

odorantusinga givensetof odors. Theseodorscanbe interpretedasperceptive labels.

Somevariationson our examplearepossible,e.g. scaledvaluescanbeusedto describe

theintensityof anodor =

l

ona certaininterval (e.g. ˆ‰ �Š#�H‹ ):

Odorant =N° =?± =?² =?> =?A =NX

Ž

l

 c��  ���  ��³  ��³
  ����  ��´�

Žµ©  c�´�  ���¶  ��³
  ��³  ��³  ��� 

Other databasesuseonly binary information (“An odorant Ž

l

led to the perceptionof

odors=N> and =?A .”):

Odorant =N° =?± =?² =?> =?A =NX

Ž

l

   � �  

Žµ©   �    

Of course,a non-discretedatabasecanbe convertedinto a discreteoneby the useof a

simplethreshold.In thegivenexample,applyingathresholdof ·¸u��2 c��¶�ŠI ��´�$‹ to theupper
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matrixwould resultthelowermatrix.

We useda datasetbasedon the Aldrich Flavor and FragrancesCatalog [2], which

includesdescriptionsof 851chemicalsusing278odordescriptors,mainlycollectedfrom

theprimarysources[3] and[19]. This datasethasalreadybeenusedfor a �rst mapping

approachby Chee-Ruiter[12], asdescribedalreadyin Section2.4. Although thereare

otherdatabasescontainingcomparabledata,e.g.Dravnieks[17], we will usetheAldrich

databasein thefollowing asthesourceof informationfor ourmappingof theodorspace.

Thecomparativeevaluationof mapsderivedfrom differentsourceswill not bediscussed

in this thesis.Instead,wewill focuson theintroductionof aninfrastructurefor analyzing

olfactoryperceptiondatabasesin general.

3.3.1 Ar e thesedatabasestrustworthy?

First of all it shouldbe clearthat it is impossibleto setup an objectivepsychophysical

experimentaslong aswe arenot ableto measureresultsphysically. Thus,we canonly

estimatethequalityof thesesetsbecausewedonotevenknow thecorrectsimilarity value

for asinglepair of odors.And wehave to expectahighvaguenessin thecorrectnessand

in thecompletenessof thesepro�les aswell asahighvariance,becauseeverysubjectex-

periencesodorantsdifferently. Finally, we cannotbeevensurethatodorsthatarechosen

aresuitable.They arejustwordsusedto describesensationsevokedby odorants.

On theotherhand,it canbeexpectedthata chemicalthatis commonlycharacterized

as “nutty” , for example,will not be describedas smelling like “apple” , neitherby a

laypersonnor by an expert. And only becausea laypersonis not aswell educatedfor

describinghissmellsensation,it doesnotmeanthathis/hernoseis notableto detect�ne

nuancesin adiscriminationexperiment.

Dravnieks[16] wasableto show that the informationconveyed by odor descriptors

is stable.However, theremight bea certaindistortion,makingtheodorsmoredensein

familiarareas,likefor examplethedescriptionof fruity odorants.Especiallytheseodors–
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includinghedonicvalueslike“pleasant” and“unpleasant” – areoftensaidto becultural

or subjective in a certainway, for example,“gr een” is a typical odor thatpeoplemight

interpretambiguously.

Thequestionariseshow a potentialmapis in�uencedby theseproblems.Certainlya

mapcannotbecomebetterthanthedatait relieson. But we wantto introducea depend-

ableinfrastructureto extractasmuchinformationaspossibleout of thedatabases.This

wouldmeanthat,givengooddata,wewill beableto produceagoodmap.

Actually, it is not possibleto gain accessto humanassociationwithout the useof

language.Wise et al.[54] tried to avoid the useof language,but experimentslike this

cannothelpin �nding auniquesetof odors,they arejusthelpful in measuringsimilarities

betweenodorants(chemicals)directly. This thesiswill assumethatthesetof odors(here

Chee-Ruiter's database[12]) is completein termsof theknowledgeacquiredsofar. The

questionof how to de�ne correctnessfor a setof odorshasto bepartof futurework.

3.4 Estimating dissimilarities in the Odor Space

It would beintuitiveto interprettheodorspaceasann-Hypercube(seeA.2) andto com-

parethevectorsusingtheirdistancein theHypercube,usingthealreadymentionedHam-

mingDistanceK

'

(seeDe�nition 3.2):
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But especiallywhencomparingodors,the�uctuation of theobservationvectorsstuff-

ing (thenumberof onesset)is veryhigh. This is becausesomeodordescriptorsarevery

striking or commonlike “fruity” or “sweet”, while otherodordescriptorsdescribemore

specialcharacteristicsof anodor like “apple” . Therefore,theseodorshave very sparse

observationvectors.
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Figure 3.1: Stuf�ng of the observation vectors. TheStuf�ng describesthenumberof onesin a
single851-dimensionalvector. Eachobservationvector º

l

correspondsto a odordescriptor. The
moreonesareset,themoreodorantsareevoking thecorrespondingodor. Signi�cant differences
betweensomeodorscanbeseen.
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In Figure3.1, the signi�cant differencesbetweencommonandspecialodorscanbe

seen. The averageodor can be evoked by abouteight odorants,but someare evoked

by several hundreds.This problemwill be discussedin slightly moredetail using the

following example:Fourobservations=U²G"#�H�#�H"C=NX aregiven,i.e. featurevectorsfor each

odor »�"¼*8"

V

"C½ . They arebasedonchemicalsŽ

B

"#�H�#�H"CŽ

�J�

with

=

l

�¾¨¿�

. À

Á‰Â

� if odorantŽµ© evokesodor < ,

 else
(4.1)

Let usassumethefollowing observationvectorshavebeenobtained:

=?²

.

 � ! ��������!���������!�����% � ! � � � � 

=?>

.

���!���������!���������!�����% � ! � � � � 

=?A
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 � ! � � � � c���������!���������!���������

=NX

.

 � c�% ��% � ! � � � � ! � � � � ! � � � � (4.2)

According to equation(4.1) the vectorsare de�ned like this: =MX , for example, is the

observation or featurevectorfor the odor ½ (e.g. ”apple”). Accordingto =�X , ½ canbe

evokedby odorantsŽ�• and ŽP® , because=@X+��¶R�

.

=NX$�2���

.

� . This leadsto thefollowing

setof Hammingdistances

K
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�2=?²G"C=NXY�
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�2=?>R"C=?A��

.

�HÃ

K
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��=?>�"C=NXY�

.

�#¶

K

'

�2=?A+"C=NXY�

.

�%Ä

If weusetheHammingdistance,observations=@> and =@X arede�ned asrelatively distant

– a differenceof �%¶ bits out of a maximaldistance�

.

��� of all bits. In fact,they differ

in over half of all variables(bits), so they arealmostnot comparable.However, thereis

still an importantrelationshipbetweenthetwo observations. If we compare=M> and =NX ,
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we noticethateachchemicalthatevokedodor ½ evokedodor * aswell, in otherwords:

/

�2=?>c36=NXY�

.

�

The probability of =N> given =@X hasthe highestpossiblevalue. And we would expect

thispropertyto bere�ectedin asmalldistancevalue,for example,thoughnoteverything

smellslike“apple” justbecauseit smells“fruity” , everyonewouldexpect“apple” to lie

closeto “fruity” .

Now let us have a look at the cross-entropy informationmeasureI (seeDe�nition

3.2.5),whichhasalreadybeenappliedin odormappingandis de�ned asfollows:

-

�2=?>�"I=?A#�

.Å/

��=?>�36=?AH�†7

/

�2=?AR3 =?>$�

Referringback to the examplein equation(4.2) we can calculatethe following cross-

entropy distances:

-
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.
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.
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.
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-
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.

 

Note that I is a similarity measure,not a distancemeasurelike the Hammingdistance.

This meansthat here, =N> and =?A aremoresimilar than,for example, =@> and =NX . But

again,this doesnot re�ect our expectationsvery well. =�X hassucha hugedistanceto

=?> just becauseit is very sparsecomparedto =@> . In contrast,=N> and =?A have thesame

numberof ones,sothecommonbitsaredominatingthedissimilarity.

Intuitively, we would expect =@² and =?> to be ratedasthe mostsimilar pair in this

example.On theotherhand, =UX shouldbecloseto =N> too. At least, =@X shouldbemore
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similar to =N> than =?A . But the main problemis the the hugenumberof chemicalsthat

evoke =?> andhavenothingto dowith theveryrareodor =MX . Themeasureshouldcompare

mainly thoseareas,wherethelessstuffed vectoris set. In otherwords,if anobservation

=?> hasa very high stuf�ng andanotherone( =MX ) is very sparse,we areinterestedin the

subsetthat =@X spans.In the following table,this subsetof =UX is marked andcompared

againsttheotherobservationvectors.

=NX

.

 � ÇÆy ÇÆy � � ! � � � � ! � � � � ! � � � 

=?²

.

 � �È��RÆÉ�����!���������!���% � � ! � � � 

=?>

.

���RÆÉ�RÆÉ�����!���������!���% � � ! � � � 

=?A

.

 � �È€ �È€ � ��!���������!���������!�������

Thissubsetleadsto theintuitivedissimilarityorder

KL��=NX#"C=?>$�[ZÅKL�2=NXH"C=?²,�PZQK,��=NX#"C=?AH�z�

For binary observation vectorsthis relationshipcanbe expressedeasilywith an asym-

metric dissimilarity function Ê%Ë¼ÌÍA`mN�2=?>!"C=?AH� . This functionwill be usedto de�ne a new

similarity distancefor this kind of data.

3.4.1 SubdimensionalDistance

In this sectionwe want to designa distance,that is optimal in termsof the criteria dis-

cussedin the previous section. To startwith we canexpressthe differencesbetweena

discreteobservationvector =@A anda givenobservationvector =@> usinga function Ê%Ë¼ÌÍA`m

de�ned as

Ê%Ë`Ì�A‡mN�2=?>�"I=?A#�

.
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�Y3 ;

>

l

��;

A

l

3$7$;

>

l

� (4.3)

Referringbacktode�nition (1.5),it shouldbementionedthat Ê�Ë`Ì�A‡m@��=?>�"C=?AH�

.0/

�2=?AR3 =?>$�Y7

h

=?> . This asymmetricdissimilaritycanbeusedto derive a symmetricsubdimensional

dissimilarityfunction Ê$Î‡Ì��2=?>R"I=?A��

Ê%Î‡Ì��2=?>!"C=?AH�

.

�eÏ

d

�2Ê#Ë¼ÌÍA`mN�2=?>R"I=?A��z"YÊ#Ë`Ì�A‡m@��=?A�"I=?>$�¼� (4.4)
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andthecorrespondingsymmetrichigh-dimensionaldissimilarityfunction Ê

'

Î‡Ìz�2=?>�"C=?A��

Ê

'

Î‡Ì��2=?>�"I=?A#�

.
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Thesefunctionsbasicallyexpressthesameinformationas Ê�Ë`Ì�A‡m does,but Ê#Î`Ì describes

the relationshipbetweentwo observationsfrom the point of view of lower-dimensional

vector, i.e. theobservationhaving the lower bit stuf�ng, while Ê

'

Î‡Ì describesthediffer-

encerelative to thehigher-dimensionalvector.

Finally, werecombinethelow- andhigh-dimensionaldissimilaritytoobtainasemi-metric

distanceestimateK¿Ì���=?>R"C=?A�� de�ned as
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wheremaxlengthandminlengthdescribethe maximalandminimal “stuf�ng”, respec-

tively:
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Becauseof the strongweight we give to the low-dimensionalinformation,we call this

distanceestimateSubdimensionalDistance.

Assumingh

=?>iZ

h

=?A , thesemi-metricK¿Ì canbeexpressedexplicitly asfollows:
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(4.7)

With acloselookattheexplicit formulain equation(4.7)it canbeseenhow KÇÌ is relatedto

Chee-Ruiter's cross-entropy information[12]. Namely, thefractionsdescribea weighted

variantof thecross-entropy with astrongfocuson thelower-dimensionalinformation.
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Table 3.1: Different Dissimilarity Distances.To make thedistancescomparable,ø
'

is normal-
izedby its maximum( ù ) andI is inverted,becauseit is anormalizedsimilarity measure.

Thisdissimilaritymeasureappliedto theexamplein equation(4.2) leadsto:
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Wenow wantto comparethenew dissimilarityestimateto thebasicmetricsthatwere

introducedbefore.Table3.1summarizesthedissimilaritiesbetweentheexamplevectors

de�ned in equation(4.2) accordingto thepresentedmeasures.To make thevaluescom-

parable,the distancesK

'

and KR~ werenormalizedby the maximalpossibledistanceon

vectorsof this length( � and
ô

� , respectively). For thesamereason,thesimilarity mea-

suresK

&

and

-

wereinvertedto obtainthecorrespondingdissimilaritymeasures�ü�?�úK

&

�

and �‡�ª�

-

� .

Comparedto theEuclideandistanceK¿~ andtheHammingdistanceK

'

, thesubdimen-

sionaldistanceK¿Ì givesbetterresults.Smallobservationslike =UX shouldbecloseto =N> ,

since=?> includes=NX completely. TheHammingaswell astheEuclideandistancearenot

ableto describethis. TheTanimotosimilarity K

&

andtheCross-entropy informationmea-

sure

-

have similar characteristics,they arebothdominatedby unweightedprobabilities.

Thussparsevectorsaregenerallydiscriminatedcomparedto highly stuffed vectors.The
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Figure 3.2: SubdimensionalDistanceMatrix for Aldrich database.In this matrix, thedissim-
ilarities of all þ$ÿ�� odorswith eachotherarediagrammed.They werederived using the subdi-
mensionaldistancemeasureø

Ì . The851odorantsarenot enoughto estimatetheapprox. �����������

dissimilarities.

probabilityof anoverlapwith anotherobservationis, of course,higherthemorebits are

set.Table3.1showsthatTanimotoaswell asCross-entropy quanti�es =U> aslying closer

to =?A thanto =NX .

Noneof the classicalmeasuresis ableto preserve all the expectedrelationshipsbe-

tweenour examplevectors.Thusthesubdimensionaldistanceis themostsatisfyingdis-

similaritymeasure.In thefollowingchapters,wewill analyzedissimilaritymatricesbased

on thesubdimensionaldistanceKcÌ .

In Figure3.2,a diagramof thesymmetricdissimilaritymatrix,which is basedon the

observationvectorsfrom the Aldrich database,is shown. The prominentodorantshave

relationshipswith a lot of elements,whereasfor the sparseelementswe can estimate

dissimilaritiesdifferentfrom oneonly for someodors.Therefore,it shouldbementioned
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that, unfortunately, a hugenumberof entrieshasgot the maximal valueof one. This

is becausea lot of odorscannotbe relatedto eachother. We have only 851 odorants

to estimateabout ÃR c"C � � dissimilarities. Theremight be unknown odorantsthat would

modelthesimilarity betweentwo odorsbetter.

To our knowledge,thesubdimensionaldistancemeasureKÇÌ expressesintuitively sat-

isfying relationshipsbetweenodors. But, of course,it canjust representan estimateof

odordistance.Wehopethatourmapsmight increasetheunderstandingof theexistingre-

lationshipsbetweenodors.Thequestion“How to measureodordistances?”is still oneof

theessentialquestionsin analyzingodorperception;thisproblemshouldnotbeneglected

in futurework.
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Multidimensional Scaling

Given a setof � arbitrarypoints in a 	 -dimensionalEuclideanspace,it is very easyto

constructasymmetric� �9� matrixcontainingall distancesbetweenall � points.Sucha

matrix is calleda distancematrix . Thesedistancescanbecalculatedusinga metrice.g.

theEuclideanmetric. An exampleis givenin Figure4.2with its correspondingdistance

matrix shown in Table4.1. For moredetailedinformationaboutmetrics,pleaserefer to

Chapter3.

Theinvertedproblemis muchharderto solve. Givenonly adistancematrix, it is hard

to reconstructthecorrespondingpoints. First of all, not eventhecorrectdimensionality

canbederiveddirectlyoutof thedistanceinformation.No matterwhatdimensionalitythe

originalpointshave,distancesarescalarvalues.Further, it is dif�cult to getacorrectcon-

�guration for all points,preservingthecorrespondingdistances.Theintuitiveapproachto

reconstructingthepointswouldbeto startwith two pointslocatedat thecorrectdistance.

Then,a third point canbe added(asshown in �gure 4.1) andsoon. The problemis to

�nd thepositionfor eachpointwherethedistancesto all theotherpointsarecorrect.Ad-

justingthedistancebetweentwo pointswill affect thedistancesto all remainingpointsas

well. It shouldbementionedthatof coursetheorientationof thesetof pointscannotbe

reconstructed.This is becauseonly internalrelationshipsarestoredin a distancematrix,

not globalorientationinformation.

MultidimensionalScaling(MDS) is an approachthat leadsto a numericalsolution
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Figure 4.1: Reconstructingpoints from a distancematrix. Eachdistancespeci�esmany pos-
sible positions,but thereareonly certaindegreesof freedomin a 	 -dimensional(here 	�
 þ )
projection.Notethatpoint �

• hastwo possiblepositions.Thedistancesof at least 
�	��
þ�� points
areneededto plot a 	 -dimensionalmapuniquely.

for theproblemdescribed.As a branchof multivariatedataanalysisit offersmodelsfor

representingmultidimensionaldatasetsin a lower-dimensionalEuclideanspace. This

techniqueidenti�es importantdimensionsof the dataset from similarity or dissimilar-

ity informationaboutthegivenobservations. Thesedistancesdo not have to be metric,

becauseMDS simply “stretches”the similaritiesto geometricalrelationships(distances

betweentheobservations). In thenext sectionwe will describe,how MDS is doing this

“stretching”. MDS is a commonmethodfor dimensionalreductionand the graphical

representationof multidimensionaldata. Furthermoreit canbe usedto estimatethe di-

mensionalityof adataset[42].

4.1 Mathematical Model

ThebasicideabehindMDS, asproposedby Kruskal [32], is similar to the intuitive ap-

proachillustratedin Figure4.1.Thefundamentalproblemis �nding apositionfor apoint

*

l

whereits distanceerror to all otherpoints is minimal. In general,MDS startswith
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a randomizedor normalizedcon�guration for the � points *

B

"H�#�#�H"`*

D

. Repeatedly, all

pointsarepinneddown oneafter the otherandthe distancesto all the otherpointsare

corrected.The scalingis �nished after a given numberof iterationsor after a minimal

con�guration hasbeenreached.This happensif the distancescannotbe correctedany

further.

Assumeadissimilaritymatrix � is givenwith:
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© representsthedissimilaritybetweentwo observations=

l

and =�© . Furthermore,

assumethat thereis a representationin a 	 -dimensionalspace,then thereexist corre-

spondingpoints *
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ona 	 -dimensionalmap,whereeach*
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Now, adistancematrix � canbederivedfrom thesepointssothat � canbede�ned as
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with, for example,aEuclideandistancemetric Kc~
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We want to achieve as small an error as possiblebetweenthe dissimilaritiesand our

estimateddistances.We arethuslooking for a function that mapsthe dissimilaritiesto
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distances,roughlyspeaking
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Kruskal[32] formulatedaso-calledstressfunctionas
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The term“stress”shouldbe interpretedasthestrainof a springwhoseendis joined

to the dissimilarity measure.The distanceapproximationpulls on the otherendof the

spring. The stressis high if the displacementof the distanceapproximationto the dis-

similarity measureis large. Themaindifferencebetweentheseveralversionsof MDS in

existenceis theuseof differentscalingfactorsof thestressfunction[48].

4.1.1 An Exampleof Multidimensional Scaling

To illustratetheapplicationof MDS asimpleexample– basedonthesketchshown in Fig-

ure4.2 – wasscaledusingMDS. Thedissimilaritymatrix is shown in Table4.1. These

dissimilaritiesarejust the distancebetweenthe points,measuredroughly usinga com-

monruler. Althoughthey werederivedusinga metric, thesedissimilaritieswill contain

certainerrors.Eventhoughthismatrixdescribesonly ninepoints,it is alreadydif�cult to

imaginethecorrespondingmapwithout knowing theoriginal. Themapthatresultsfrom

MDS (Figure4.3) is almostidentical to the sketch,apartfrom the fact that the mapis

turnedby a certainanglecomparedto theoriginal. But this is not surprising– we cannot

expect to achieve the sameorientationusingMDS, dueto the fact that no information

aboutorientationis storedin adistancematrix.

The so-calledscatter plot is a commonmethodfor visualizingthe quality of MDS

results[30]. This plot displaysthe quality of the approximationandthe “stress” in the

mapping. A map is called “perfect” if the order of the dissimilaritiesis preserved in
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Figure 4.2: Sketch of somepoints. Nine pointsaredrawn on a pieceof paperasanexampleset
in a 	 -dimensionalEuclideanspace(here,	&
Qþ ). Thepointsarenumbered�

B

to �(' . Table4.1
shows thecorrespondingdistancematrix. Thedistancesweremeasuredvery roughlyusingjust a
simpleruler.
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Table4.1: Dissimilarity Matrix for TestPoints. Theelementsin thisdistancematrixarevalues
measuredby hand(Euclideandistance)on thesketchshown in Figure4.2.Themeasurementsare
in -/. .
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thecorrespondingdistancevalues,that is, thevaluesin thescatterdiagramhave to grow

monotonouslyfrom left to right. Minimal “stress”would leadto a perfectlystraightline

on thescatterplot. Thescatterplot for ourexamplecanbeseenin Figure4.3. Of course,

usuallyMDS resultsarenotsocloseto astraightline.

4.2 Estimating Dimensionality

As mentionedbefore,adistancematrixprovidesno informationaboutthedimensionality

of theunderlyingdata,becauseof its scalarentries.Thus,it is a dif�cult taskto decide

how many dimensionsMDS needsfor aappropriateapproximationof theoriginaldata.A

trade-off hasto befoundbetweengoodnessof �t, interpretabilityandparsimony of data

representation.It is hardto say, how low “stress”valuesshouldbe. Eachdimensionhas

its corresponding“stress”value.Onaplot of thesevaluesagainsttheirdimensionwecan

hopefor asharpbendthatindicatesa �tting dimension.Unfortunately, this is unlikely to

happen,unlesswehaveclearlyde�ned attributesassociatedwith thedimensions[55].

However, for mostproblemsit is avery interestingquestionwhatdimensionalitywill

be bestfor a multidimensionalscaledprojection. Especiallyif we have a datasetlike

olfactorydissimilaritydata,wherewe do not know anything abouttheunderlyingcom-

plexity, thisdimensionalitycouldgiveaclueasto how many independentfeaturesformed

thedata. In fact,a correctdimensionalityestimationof theodorspacemight helpus to

understandandto interprettheperceptionof smells.

But �rst, we have to statesomegeneralthingsaboutthedimensionalityof MDS pro-

jections.Assumewe have � pointsrepresentedby an �4� � dissimilaritymatrix. Then,

we want to estimatethe smallestdimension	 for which thesetcanbe projectedonto a

	 -dimensionalspace.Onastraightline (one-dimensional),two pointshaveonedegreeof

freedom;sodo threepointson a plane(two-dimensional,seeFigure4.1). To getunam-

biguousresultsin a 	 -dimensionalspace,at least	¸\ � pointsareneeded.Consequently,

an ��� � ��� dimensionalspaceis anupperboundaryfor performingMDS on � points.A

higherdimensionwill not leadto abetterembeddingof thesepointsinto themetricspace,
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Figure 4.3: SampleRun of Multidimensional Scaling. MDS calculatesEuclideanpointsbased
on thedistance(dissimilarity)matrix given by Table4.1. Top: The resultingmapfor thegiven
dissimilarities.Notethatthemapcanhaveadifferentorientationthantheoriginalpoints.Bottom:
Thescatterdiagram,whichcomparesthenew (Euclidean)distancesto theinputdissimilarities.
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sinceeachpoint thensimply receivesits own dimension.

If theextrinsicdimensionof these� pointsshouldin factbehigherthan �M� � , thisei-

therindicatesthatthereis notenoughinformationor thatthedatasetmightbenon-metric

aswell asnot very closerelatedto metric characteristics.Of course,we canproject �

pointsinto a spacewith a dimensionhigherthan � �]� , but all dimensionsbeyond �:�ú�

will leadto somekind of trivial solution.In otherwords,� pointsarejustnotableto span

morethan �:� � dimensions.

However, we areinterestedin anestimationof thelower bound.Whatis thesmallest

dimensionalitythat representsthedissimilaritieswith acceptablequality? In this thesis,

we usea simplemethodto estimatethe lower boundroughly. Assumingwe have a dis-

similarity matrixderivedfrom � -dimensionalpoints,thenwe will not beableto increase

the quality of a projectionby increasingthe dimensionof the projectionspacebeyond

� . This is becausetherelationshipsbetweenthepointscanbecapturedperfectlyin � di-

mensions.Thus,thequalityof anMDS projectionwill not increasesigni�cantly between

an � - andan �v\ � -dimensionalMDS, oncethe appropriatedimensionality� hasbeen

reached.Any dimensionhigherthanthiswill bepointlessfor thisdataset.

4.3 Application on Dissimilarity Data

The sameprocesswasappliedto the odordataset. Startingat a low dimensionwe ob-

served the projectionquality of the MDS to get a rough estimateof the dimensionat

which we seemto obtainthebestresults.Anyhow, theproblemof thedimensionalityof

odorspaceshouldbea topic of furtherresearch,especiallywith aneye to theextraction

of independentsetsof odors.

To performMDS ondatarelatedto odorperception,weused(asdescribedin Chapter

3) a datasetbasedon theAldrich Flavor andFragrancesCatalog[2]. To estimatedissim-

ilarities betweendifferentodors,thebestresultswereobtainedusingthesubdimensional
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Figure 4.4: Scatter Plot of two dimensionalMDS on Aldrich database.Dissimilarities 0

l

are
plottedagainstthecorrespondingdistanceø

l

after2D MDS. Thediscrepancy betweendissimilar-
ities andtheestimateddistancesis obvious.

distanceK¿Ì (seeSection3.4.1). Again, it shouldbementionedthat “best” in thecontext

of distanceestimationmeansthat the chosen(semi-)metric yields the intuitively most

satisfyingresultsfor thedissimilaritiesof two observations=U> and =?A .

4.3.1 A First Approachusing2D MDS

In a �rst attempttheodordatawereprojecteddirectly ontoa two-dimensionalEuclidean

space.Themaingoalof this projectwasto derive a mapfor odors;thus,a two- or pos-

sibly three-dimensionalprojectionwould be exactly what we are looking for. On the

otherhand,MDS appliedtheodordatawith a two-dimensionaltargetspaceis not a very

promisingapproach,becausewe expect the spaceto be high-dimensionalandpossibly

notevenmetric.For this reason,it is notvery likely thatwecan�nd asatisfyingcon�gu-

rationin sucha low dimensionalEuclideanspace.

Theresultof thetwo-dimensionalprojectionof theAldrich databaseis shown in Fig-
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Figure4.5: Map resultingfrom two dimensionalMDS basedon Aldrich database.Thelabels
arelocatedcenteredaroundtheir coordinatesin the2D Euclideanspace.
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ure 4.5. Somerelationshipsbetweensingleodorsandsometendenciesbetweengroups

mayalreadybeapparent,but, asexpected,theneighborhoodrelationshipsareverybadly

preserved by this very strongdimensionalityreduction. However, we canusethis �rst

resultasan illustrationof whata mapcould look like in theend. We arenot looking at

chemicalsanymore,wearemappingodorsontoaplane.

Unfortunately, if we take a look at thecorrespondingscatterdiagramwe will seethat

this �rst “map” is in factalmostuseless.In Figure4.4,thedistances,resultfrom applying

a two-dimensionalMDS, areplottedagainsttheinitial dissimilarities.Weneverexpected

to receiveasgoodaresultasfor thesimpleexamplein Section4.1.1(seeFigure4.3),but

atleasttheorderof thedistancesshouldbesimilarto thatof thedissimilarities.Preserving

theexactorderwould beanalmostperfectresult,i.e. we hopeto obtaina monotonously

ascendinggraphin thescatterplot. Smalldissimilaritiesshouldbetransformedto small

distancesandlargedissimilaritiesto largerdistances.

In this case,however, almostno dissimilaritiesarestill in the sameorderasbefore.

As canbeseenin Figure4.4,someof thesmallestdissimilaritiesarenow representedby

distancesthat arelarger thanthoseassociatedwith hugedissimilarities. So onecannot

evenpredict,if two odorslie closetogetherbecausethey arevery similar or just because

thehugedissimilaritybetweenthemhasdisappeared.In otherwords,projectingthedis-

similaritiesdirectly into two dimensionsvia MDS leadsto a unsatisfactorymapof the

odorspace.

4.3.2 Using 1 -dimensionalMDS

To estimatethe dissimilaritiesin a moreappropriateway, we usedMDS againbut this

time to projecttheodordatabaseontohigher	 -dimensionalspaces.Theseresultsarenot

usefulas“maps”, but thereareotherwell-known methodsto performa certaintype of

datamining onhigh-dimensionaldata.Thisproblemis thetopicof Chapter5.

If we take a look at thescatterplot for aneight-dimensionalMDS (Figure4.6, top),
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we seethat this projectionis muchbettercomparedto the2D resultasshown in Figure

4.4. In particular, higherdissimilaritiesarenot projectedonto very small distancesany

more. However, the discrepanciesbetweendissimilaritiesanddistancesarestill spread

overa largeinterval. If we comparetheeight-dimensionalplot to thescatterplot of a 16-

dimensionalMDS (shown in Figure4.6,bottom),wecanagainseeanincreasein quality.

It seemsasif we arealreadyprettycloseto a suitabledimension.Most of thevaluesare

moreor lessdistributedaroundastraightline.

We performedMDS on severaldimensionslargerthan16. The32-dimensionalMDS

seemedto be very closeto the optimal Euclideanrepresentationof the odor space. If

we comparethe scatterplot of 32-dimensionalMDS (seeFigure4.7, top) and the 16-

dimensionalplot (seeFigure4.6,bottom),aslight improvementin projectingthedissim-

ilaritiesontodistancescanbeseen.

A 64-dimensionalMDS doesnotimprovetheoverallresultssigni�cantly, eventhough

doublingthe dimensionalityof theprojectionspaceaffordsan extra 32 degreesof free-

dom. So for the odor spacewith its correspondingdistancematrix, a projectiononto

32 dimensionsseemsto guaranteethatsmalldissimilaritiesarerepresentedby smalldis-

tancesandlarge dissimilaritiesby large distances.Comparedto theexamplein Section

4.1.1,of coursewe do not obtaina perfectresult,but we shouldnot forget thatour dis-

similarity estimationis basedon asemi-metricandon a relatively smallamountof data.

4.3.3 Missing Data

Finally, theproblemof missingdatashouldbeaddressed.Datasetsoftenhave incomplete

distancematrices,that is, somedistancesare simply unknown. It might be, that dis-

tancesbetweentwo elementswerenot measuredor that thesemeasurementsareinvalid

becauseof measurementerrors.Thesegapscanbesomekind of interpolatedby skipping

thesevalueswhile performingthe MDS. In otherwords,the missingentriesarisefrom

theestimateof all otherdissimilarities.BecauseMDS workswith Euclideanpoints,the

correspondingdistancematrixneverhasmissingentries.



48 Multidimensional Scaling

Figure 4.6: Scatter Plots of eight- and 16-dimensionalMDS on the Aldrich database.Top:
Theeight-dimensionalMDS resultsaresigni�cantly bettercomparedto thetwo-dimensionalMDS
scatterplot, but especiallythelargedissimilaritiesarestill mappedontoawiderangeof distances.
Bottom: 16-dimensionalMDS deliversasigni�cant increasein thequalityof theprojectionagain
comparedto eight-dimensionalMDS.
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Figure 4.7: Scatter Plot of 32- and 64-dimensionalMDS on Aldrich database. Top: 32-
dimensionalMDS leadsto a relatively good quality for thosedissimilaritiesnot equalto one.
Bottom: 64-dimensionalMDS doesnot improve theresultsfor dissimilarityentriesnot equalto
onebut projectsthevaluesof oneclosertogether.
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Figure 4.8: Stressvaluesfor different Dimensions. MDS hasbeenperformedfor several di-
mensionalreductionsbetween8 and76dimensions.Thestressfor all distancesdecreasesasymp-
totically with increasingdimensionality. For theuncriticaldissimilaritiesonly, we do not reacha
betterrelaxationwith morethan32dimensions.

In thespecialcaseof our odordatabasewe have not thesamebut a similar problem.

Although the K¿Ì semi-metricevaluatesdissimilaritiesbetweenall observation vectors,

meaningthat the dissimilarity matrix hasno gaps,we cannotbe surethat this matrix is

completein the sensethat all of the dataarereliable. If vectorsdo not overlap,we re-

ceive a maximumdissimilarity of one. But this may not re�ect the actualdissimilarity

betweentheodors,sincethereis no guaranteethat thesetof chemicalsis complete.As

describedin Chapter3, we gleanedinformationaboutodorsusingchemicalperception

pro�les asactuallytheonly sourceof ourdataset.Thismeansasimilarity betweenodors

correspondsto anevocationby a similar setof odorants.Of courseit might be that the

odorant(or evena wholesetof odorants)thatexpressesthesimilarity of two seemingly

unrelatedodorsis simplynot includedin thedatabase,becauseit hasnotbeenpro�led or

evendiscoveredyet.
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In Chapter3, Figure3.2, almosteighty percentof all distanceshave valuescloseto

one.Thesetof 851chemicals,whichwereused,wasnotsuf�cient to �ll all of theapprox.

ÃR ��³ � � entriesin thematrix. Of course,we do not expecta lot of odorantsto turn up to

smell completelydifferentto anything this world hasever smelled,so dissimilarodors

will still bedissimilaraftertheadditionof somemore(sofarunknown) chemicalsor any

otherkind of information.But sinceKcÌ

.

� justmeanssomethinglike“they seemto have

nothingin common.” we focusedon thedissimilarities,thatarenot equalto one. Apart

from this, we are most interestedin similar odorsandon relationshipsbetweenthem.

On theotherhand,we cannotcompletelyignorethe informationcontainedin a valueof

K¿Ì

.

� , becauseotherwisethe differencesbetweendistinct groupsof odorswill not be

preserved– only thedistanceswithin agroupwill betakeninto account.

To solve theseproblems,we modi�ed the standardMultidimensionalScalingalgo-

rithm. This new versionnot simply skipscertainvaluesbut skipsthemround-wise.The

critical valuesareignoredin everyseconditerationof theMDS.Becauseof that,theother

valueshavebeencorrectedwithout losingthedistanceinformationof theunsecureddata.

This versionof MDS convergesagainstthe original MDS as the numberof iterations

tendstowardsin�nity .

In Figure4.8, the stressrelaxationfor severaldimensionsbetween8 and76 dimen-

sionsis shown. Two graphscanbe seen,the �rst onerepresentsthe stressvaluefor all

dissimilarities,the secondonerepresentsthe stressof the uncritical values,namelythe

dissimilaritieslower thanone.As weknow, therelaxationof thestressconvergesagainst

zero, becausethe sameoutput and input dimensionis a trivial solution. Remarkably,

the relaxationof theuncritical stressdoesnot only convergeagainsta certainvaluefur-

thermoreit seemsto increaseagain.Thiseffect might resultfrom thebetterrelaxationof

critical valuesin higherdimensions.However, theestimationof 32dimensionsfor agood

relaxationof dissimilaritiesthatwehavederivedfrom Figures4.6and4.7canbespotted

by watchingthestressrelaxationaswell.
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4.3.4 Accuracy of Results

Two majorproblemsoccurif MDS is appliedon odordissimilarities.First, MDS might

reachasanumericalminimizationmethodalocalminimuminsteadof aglobalminimum.

Therefore,severalrunsshouldbeperformedwith differentstartingcon�gurations[55]. If

MDS still reachesa similar con�guration,we canassumethatwe might have reacheda

globalandnotonly a localminimum.

In addition,we have to dealwith the problemof missingdata,asdiscussedin Section

4.3.3. It is far from clearwhetherMDS will endwith severaldegreesof freedomor not.

Exceptfor rotation,it is possibleto getambiguouscon�gurationsthatsolve themapping

problem.

Hence,we performeda Monte-Carlo-simulationon our startingcon�gurations. For

eachdimensionalitywe run MDS 50 times,eachtime with a startingcon�guration that

waschosenby random.To comparethe results,we calculatedthestandarddeviation of

eachinter-pointdistance( � distances)andtheir correspondingcon�denceintervals.

We computed)R��� -con�denceintervals (seeDe�nition A.1.5) for thestandarddevi-

ationsbasedon K -dimensionaldata,where K

.

�%��"C¶R�¿"IÃy� . For that purposewe useda

classicalmethodassumingnormallydistributeddata. This is justi�ed here,becausethe

empiricalkurtosisturnedout to berathersmall,lessthanonepercentonaverage.

Sincewe did this calculationfor all approx.73000inter-point distances,the results

arenot very easyto represent.Theempiricalstandarddeviations(seeDe�nition A.1.3)

for the resultsof a 32-dimensionalMDS have beensortedanddownsampled.So, the

remainingdeviationsarerepresentingthe overall distribution of the standarddeviation.

Interestingly, for mostof thepointswehaveastandarddeviationof lessthantwo percent.

Theseresultsaremuchbetterthanexpected,especiallyreferringto themissingdataprob-

lem.

In Figure4.9differentdimensionsarecompared.To arguethata certaindimensional
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Figure 4.9: Comparison of 16D, 32D and 42D MDS resultson Aldrich database. The con-
�dence intervals between16D and32D MDS areclearlydisjunctive. Theoverlapseenbetween
32D and42D indicates,thatwe cannotbesure,whetherwe obtainbetterresultsor not. Herewe
took 100equallydistributedrepresentativesoutof theorderedandcompletesetof approx.73000
inter-point distances.

representationis more suf�cient than another, the con�dence intervals of their corre-

spondingdeviationsshouldnot overlap. In conformitywith the presumptionin Section

4.3.2, the 32-dimensionalestimateyields signi�cant betterresultscomparedto results

from 16-dimensionalMDS. On the otherhand,if we compare32-dimensionalMDS to

42-dimensionalMDS, weobserveanoverlapof thecon�denceintervals.

Consideringtheseresults,it is reasonableto assumethatthereis arobustcon�guration

for MDS derivedfrom theodordissimilaritymatrix. Beyondthis, thereis evidencethat

a good approximationof the odor space– basedon this data– can be madewith an

Euclideanspaceof approx. 32 dimensions.Thus, a 32-dimensionalrepresentationof

odorspacewill beusedasadatasourcein thenext chapters.
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Self OrganizingMaps

In thepreviouschapters,weusedaspecialmetric– theso-calledsubdimensionaldistance

K¿Ì , asintroducedin Section3.4.1– to estimatedissimilaritiesin psychophysicalodordata.

Then,in Chapter4, weusedamultidimensionalscalingmethodto projecttheodorspace

modelontoaEuclideanspace.Unfortunately, thisspaceseemsto beverycomplex, sowe

hadto useanapproximately32-dimensionalEuclideanspaceto preserve asmany inter-

point relationshipsaspossible.In this chapter, theemphasiswill beon thevisualization

andanalysisof thepreprocesseddata,i.e. the32-dimensionalEuclideanrepresentationof

odordissimilaritydata.

It maybe usefulto notethat the preprocessinghasa muchhigherimpacton the re-

sult than the choiceof the analysismethod. However, the scopeof this chapteris to

make thedatamorereadableby projectingasmany relationshipsaspossibleontoa two-

dimensionalmap.

Therearetwo generalapproachesto handlingmultidimensionaldatasets. First, we

cansearchfor groupsof elementsthathaveacloserelationshipto eachother. Suchgroups

arecalledclusters. Thesearchfor suchgroupsis calledclustering. Clustereddatacan

be usedto examineneighborhoodrelationshipsor to searchfor featuresthat might be

characteristicfor certainclusters.Thesecondapproachis to reducethedimensionalityof

the systemin sucha way thata human-readablemap(meaninga two- or at mostthree-

dimensionalmap) is producedfor visualization of the dataset.Basedon sucha map,
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furtherexaminationscanbeperformedby ahuman.

In Chapter4, theodorspaceseemedto bemuchtoo complex to obtaina high quality

representationin only two dimensions.Thus,wehave to �nd acombinationof clustering

andvisualizationmethods.Neuralnetwork algorithmshavealreadybeenusedfor awide

varietyof applications,for visualizationproblemsaswell asfor dataanalysis.Kohonen

[29] givesacomprehensivetreatmentof thissubject.Wewill useso-calledself-organizing

maps(SOMsor Kohonenmaps)asatool to visualizeandto analyzethemultidimensional

odorspacethatwehaveobtainedby MDS in Chapter4.

5.1 Visualization of high-dimensionaldata

An intuitive approachto visualizing high-dimensionaldatais to usea “pro�le” of the

featurevectors.This pro�le might besimply a graphicalrepresentationof theentriesof

the features.The same,two prominentdimensions(the �rst two principal components,

for example)canbeusedasa two-dimensionallocationfor thefeaturevector, while the

remainingfeaturesareusedasicon properties(colors,shape,polygonsetc.).

Thedrawbackof suchmethodsis clearly thatthey do not reducetheamountof data.

Analyzing a large dataset will not becomemuch easierthan examining the raw data.

On the otherhand,if relevant featuresareknown already, thesemethodscanbe useful

to emphasizesuchcharacteristics.Facesarea classicalexamplefor theuseof iconsfor

visualization.Featureslikeeyedistance,sizeof themouthandskincolorcanbeexpressed

througha faceicon thatcharacterizesa facemuchmoreintuitively thanavectorcoulddo

[6]. Jain[25] introducessomemoreexamplesfor thehandlingof known features.

5.2 Self-OrganizingMaps (SOMs)

A self-organizingmap(SOM) is a setof arti�cial neuronsthat is organizedasa regular

low-dimensionalgrid. We usethesemapsto expressa high-dimensionalinput space2
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Figure 5.1: Abstract Kohonen model. Eachinput vector 3

4

l6587

is connectedto eachgrid
neuron9

l 5;:

. So eachinput vector 4

l

cantransmitsignalsto eachgrid neuron9

l

highly in
parallel.In Kohonen's model,thegrid neuron9 x , whichhasaminimaldistanceto 3

4

l

, is activated
by theinput. Theotherneuronsarenotactivatedby theinput.

throughahumanreadablemap < . Thus,theSOM,which representssuchadesiredmap

< , is typically two-dimensional.Theneuronson themapsarenot only inter-connected,

they arealsoconnectedwith thewholeinput space2 .

In Figure5.1,eachinput vector *

l

u=2 is interpretedasaninput neuronthat is con-

nectedto all grid neurons.Thenumberof neuronsin theSOM grid mayvary from a few

dozenup to severalthousand.A K -dimensionalvector >

?

l

.

�A@

l

B

"#�#�H�H"�@

l

ÎY�

E

is associated

with eachneuron?

l

u;< , where K is theinputdimension.

In this abstractKohonenmodel,aninput vector >*

.

�CB

B

"#�H�#�H"DBHÎz�

E

u w

Î is connected

to all neuronsin parallel. When one of theseinput “neurons” >* �res, the input ( >* at

eachneuron)is comparedwith all grid neurons >

?

l

. The location of bestmatch — that

is, interpretedtopographicallytheclosestneuronor interpretedneurallythemostsimilar

neuron— is de�ned asthelocationof theresponse.

De�nition 5.2.1 BestMatching Unit

Let >*

.

�CB

B

"#�#�#��"DB#Îz�

E

u9w

Î bean input vectorand < a self-organizingmapwith vectors

>

?

l

.

�A@

l

B

"#�#�H�H"�@

l

Îz�

E

u w

Î . TheBestMatching Unit (BMU) is thende�nedastheindex
E of thevector >

?

x that liesclosestto theinputvector >* usinga givenmetric 3ä3$7c3ä3 , i.e.
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Figure 5.2: Flat torus versusdough-nut surface. If wephysicallygluethetopedgeof asquare
to its bottomedge,andits left edgeto its right edge,thenwe will geta doughnutsurface.Thus,
the�at torusandthedoughnuthave thesametopology. Picture takenfrom[52]
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The neuronsareconnectedto their topographicalneighborsin the low-dimensional

grid. Thisneighborhoodrelationshipdictatesthestructureof themap(seeSection5.2.1).

Self-organizingmapscanhave differentstructures.If the left andright sideof the map

aregluedtogether, for example,themaphasa cylindric structure.If thetop sideis also

gluedontothebottomsideof themap,thestructurebecomestoroid or doughnutshaped

(seeFigure5.2).

In general,thesemappingsare topology-conserving.Mathematicallyspoken, the

propertyof topologyconservationmeansthat the mappingis continuous.If two points

areneighborsin theoriginaldataset,they shouldalsobeneighborson theprojection.
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5.2.1 CompetitiveLearning of SOM

TheEuclideandistance
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is usedto de�ne the BMU in many practicalapplications.The BMU aswell as its to-

pographicalneighborswill activateeachotherandlearnfrom input >* . A typical neigh-

borhoodkernel or neighborhoodfunction LLx

l

can be written in termsof the Gaussian

function,

LÇx

l

.

æ

Ò$MON��

3ä3 {Hx…�ö{

l

3ä3 �

�QP

� R

where{#xI"I{

l

uvw � aretheSOMcoordinatesof ?

x and?

l

andP is thesizeof thekernel.Of

courseit is possibleto useotherkernelfunctions— Mexican-hator cosine,for example.

In the following, we will usethe basicself-organizingmapalgorithm. Hence,we refer

to Kohonen[29] or Kaski [28] for a detaileddescriptionof variationsfrom thestandard

SOM.

5.2.2 Training of Self-OrganizingMaps

The SOM is trainediteratively. A samplevector >* is chosenfrom the training setran-

domly andthe distanceto all mapneurons?

l

is calculated.The BMU (seeDe�nition

5.2.1)— namely?

x — is movedcloserto theinputvector >* . Notethatthegrid neuronis

K -dimensional,just asthe input vectorsare.Thetopologicalneighborsof ?

x aretreated

similarly, weightedby theneighborhoodfunction L,x

l

.

TheSOMlearningrule for eachneuron?

l

canthenbeformulatedasfollows:

?

l

�CS�\Å�$�

.

?

l

�CS`��\]•P�CS`�TLÇx

l

�CS`��ˆ6*…�US`�†�

?

l

�CS`�J‹Ô" (2.1)

where E is the index of the BMU and S denotesthe time. *…�US`� is the randomlychosen

vectorfrom theinputsetat time S , L€x

l

�CS`� is theneighborhoodkernelfunctionfor ?

l

with

center?

x and •[�CS`� is thelearningrateat time S .
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Figure5.3: Competitive Learning of SOM. Theinputvector 3

4 is markedby across.Filled dots
representtheSOM neuronsù

l

at time V , thehollow dotsaretheSOM neuronsafter learning 3

4 at
time VW�KX . Picture takenfrom[28]

Initialization All � -dimensionalneurons?

l

aresetusing the �rst prin-
cipal components(or chosenarbitrarily). Learningrate •ZY

andneighborhoodradiusP[Y mustbeinitialized.
Step1 Choseaninput vector *…�US`� from thetrainingset.
Step2 EvaluatetheBMU to �nd theneuron?

x which is closestto
*…�CS`� .

Step3 Theneuron?

x andall neighboringneuronsarerecalculated
(asin equation2.1).

Step4 Modify learningrate • andradiusP .
Step5 Testfor convergence.Stopor go backto step1.

Table5.1: BasicSOM Algorithm.

Table5.1summarizesthebasicSOMalgorithm.In aninitializationstep,all grid neu-

rons ?

l

have to be set to a given startvalue. This valuecanbe chosenusing the �rst

principalcomponents,or it canbechosenarbitrarily. In general,the initialization using

theprincipalcomponentsyieldsfasterconvergence.Then,the�rst vectoris chosenfrom

thetrainingset.Usingtheneighborhoodfunction,theBMU andtheneighboringneurons

aremovedaccordingto thecurrentlearningrate • . Finally, learningrateandneighbor-

hoodradiusarechanged.
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This trainingusuallyis performedin two phases.First, an initial phaseis performed

usinga large learningrate •,Y anda neighborhoodradius P\Y . The secondphaseis for

�ne-tuning theroughlyapproximatedresultsusingamuchlower learningrate.

At theendof eachround,thealgorithmtestsif thesystemhasalreadyconverged. If

so, the algorithmterminates,otherwiseit picks a new vector from the training setand

continuesto train themap.

5.2.3 An Exampleof Self-OrganizingMaps

Wewill demonstratehow theclassicalSOMlearnsonasimpletwo-dimensionalexample.

In Figure5.4,a set / of about1500pointsis shown. We produced500randomlygener-

atedpointsusingauniform distribution for a circlewith radius{

.

 c�´� . Thesedatawere

duplicatedtwice. We moved the centerof onecopy to the coordinateŝ¦��Š#�H‹ andscaled

down thesecondcircle with a scalefactorof E

.

 ���� . Thecenterof thesmallcircle was

movedto ˆ¦��ŠC �‹ . Thus,thedensityof thepointsis thehighestin this circle.

It shouldbementionedthat the input dimensionK hereis two. That is, the input di-

mensionis equalto thedimensionof theSOM grid. This meansthat the trainingof the

Kohonenmapwill not leadto adimensionalreductionbut to areductionin thenumberof

dataelements(themapconsistsof lessmapunitsthantherearepointsin thetrainingset).

In thisexample,thedefaultgridsize(basedontheheuristicformula Ê+mN�
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�
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,

see[28] for details)wasused.

We chosea two-dimensionalexamplebecausethe training resultsof the map can

easilybematchedandoverlaidwith theoriginal data.For themoreusualcaseof multi-

dimensionaldata,only theresultingSOM mapcanbeanalyzed;a projectionof themap

unitsinto theinputdimensionis notpossiblebecausethisprojectionwould,of course,be

asproblematicasvisualizingtheinputdatadirectly.

TheSOMwasinitialized linearlyusingthe�rst principalcomponents,thatis, thetwo
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Figure5.4: Two-dimensionalexample:Training setfor the Self-OrganizingMap. Eachcircle
consistsof 500points.Thedensityof thepointsin thesmallcircle is twiceaslargeasthedensity
in thelargeones.Thepointsaregeneratedusingauniformdistribution.
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After initialization

Figure 5.5: Two-dimensionalexample: Initialization of the Self-Organizing Map. TheSOM
is now initializedusingthetwo �rst principalcomponentsof thetrainingset.
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Figure 5.6: Two-dimensionalexample: After the training of the Self-Organizing Map. The
SOM is now trainedon thegivenset. Thegrid elementsaredrawn togetherinto thecircle areas.
Theelementsareclosesttogetheron thesmallcircle (theareawherethepointsaremostdense).

largesteigenvectors.Figure5.5showstheSOMafterlinearinitializationbut beforetrain-

ing. It is clearthatthe�rst two principalcomponentscorrespondto thedirectionsof the

higheststandarddeviation of the whole system. If the principal componentscannotbe

calculated,thepoint initializationcanalsobedonerandomly.

After initialization, the SOM is trainedin two phases:�rst roughtraining andthen

�ne-tuning. Theresultafter the �ne-tuning canbeseenin Figure5.6. Thepointsin the

circlesarethetrainingset.As speci�edby thecompetitive learningprincipal(seeFigure

5.3),thegrid unitsareattractedto thetrainingpointsif they aretheBMU or neighborsof

these.Densegroupingsof grid neuronscanbeinterpretedasclustersin thetrainingset.

It canbe seenherethat the grid distancesaresmall over the two large circlesandeven

smallerover thesmall circle. We have alreadymentionedthat, in fact, thepointsin the

smallcirclehave thehighestdensity.

Theso-calledU-matrix, a matrix thatcontainsthedistancesbetweenall neighboring

neurons,canbe calculatedto �nd groupsformedby densesetsof grid neurons.These

distancescanbedisplayedcolor-codedonthelow-dimensionalrepresentationof themap,
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Figure 5.7: Uni�ed distancematrix. TheU-matrixcontainsthedistancesbetweenall neighbor-
ing neurons.Darkshadesrepresentsmalldistances,brightshadesrepresentlargedistances.

becausethedistancesarescalarvalueswhatever thedimensionof theunderlyingsystem

is. In Figure 5.7, the U-matrix for our exampleis shown. We can identify the three

circlesasareasof dense(dark)grid elementson theU-matrix. They areseparatedfrom

eachotherby hugedistances(bright) betweenneighborsthatwereattractedby different

clustersduringtraining.

5.3 Learning the Odor Spaceby a SOM

In the following, we will describethe applicationof self-organizingmapsto the odor

spaceinformation that we derived in the previous chapters.Thesedataconsistof Eu-

clideandistanceinformationaboutinter-odorantdissimilaritiesin a32-dimensionalspace.

Thedatawasderivedby applyingMDS to subdimensionaldistancesderivedfrom a psy-

chophysicalodordatabase.As wehaveseen,SOMscanbeusedto representthestructure

of a high-dimensionalspaceby a two-dimensionalgrid. We usedtheSOM Toolbox for

Matlab5asdescribedby Vesantoetal. [50] and[51].

We useda two-dimensionalÃ� �öÃ� SOM usinga Gaussianneighborhoodfunction

(seeSection5.2.1)to estimatethe32-dimensionalodorspacepoints. Moreover, we de-

cided to usea toroid map. The grid neuronswere initialized linearly that is along the

directionof the �rst two principalcomponents.To visualizethe internalstructureof the
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Figure 5.8: Clustered Kohonen Map of Odor Space. A Kohonenmap learnedthe high-
dimensionalEuclideanpointsderived in Chapter4. Themapwasclusteredusingk-meansclus-
tering.

trainedmap,weusedthek-meansclusteringmethodasprovidedby theSOM Toolbox.

Figure5.8shows a Kohonenmapthatexpressesthestructureof theodorspace.The

clusteringresultedin 37 clusters.Of course,onewould wish to usea larger trainingset,

but wealreadydiscussedtheproblemof thegiveninputdatain Section3.3,andin Chap-

ter7, thisproblemwill bepickedup again.

After applyingMDS on asetof dissimilaritymeasuresweobtainanEuclideanrepre-

sentative for eachodordescriptor. Thesepointsweretakenasa trainingsetfor ourSOM.

After thetrainingis completed,wecancalculatethenearestneighborin thegrid for each

of theserepresentatives— andfor any otherpoint in theodorspace.Thus,weareableto

labelthemapusingasetof odordescriptors.In Figure5.11,theclusteredSOMhasbeen

labeledusingtheAldrich descriptors.
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Figure 5.9: FragmentedClusters on the KohonenMap of Odor Space.Herethefragmented
clusters15and22 arehighlightedasanexamplefor thefragmentationof clusters.

We shouldtake a closerlook at the clusteredmap. Someclustersappearmorethan

once.Cluster15 andcluster22, for example,appeartwice. In Figure5.9, they arehigh-

lighted. Cluster15 is locatedin the lower right cornerandbelow thecenterof themap,

cluster22appearsto thetop right andbottomleft of thecenter.

It is hardly surprisingthat suchfragmentsappearwhenwe performdimensionalre-

duction.If we try to approximatethestructureof a three-dimensionalboxusinga simple

sheetof paper, for example,we can imaginethat the sheetcould be squashedinto the

shapeof thebox. Not surprisingly, pointson thetwo-dimensionalsheetof paperthatare

notcloseto oneanothermightbecomeneighborsin thethree-dimensionalapproximation

of thebox.
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(a) (b)

Figure 5.10: Surfaceof Odor Space.Thelow-dimensionalgrid of aKohonenmapcanbestruc-
turedin threeways(simplesheet,cylinder, toroid). a: Thesimplesheetof theodorspaceSOM.
b: Theodorspacesurfaceprojectedontoa toroid.

In Figure5.10, this effect is illustratedfor Kohonenmaps. We interpretedthe third

dimensionof ourMDS dataasakind of heightinformationandprojectedit ontotheSOM

plane. In Figure5.10.awe canseehow someareasbulgeup or down. In Figure5.10.b,

on thetoroid projection,it becomesevenmoreclearthatpointscanbespatialneighbors

in theneuronaldimensionbut not topologicalneighborson themap.

Themaingoalhasbeento producea mapof theolfactoryperceptionspace.Finally,

only theodordescriptorsaremissingon themap. We projectedeachdescriptoronto its

BMU, that is, thegrid elementthat lies closestto the32-dimensionalcoordinatesof the

odor. In the database,somedescriptorsare trivial, becausethey areevoked by only a

singlechemical(e.g.grapefruit). To increasethereadabilityof themap,thesedescriptors

werenotusedaslabelson themap.

In Figure5.11,theodormapis labeledwith odordescriptors.Wehaveto readthemap

carefully. As wehavealreadymentioned,someodorsandtheircorrespondingclustersare

neighborsin odor spaceeven thoughthey arefar aparton the map. Also someclusters

arefarapartin odorspace,but they areneighborson themap.Thiseffectcanbechecked

by consultingtheU-matrix (seeSection5.2.3).

Figure5.12shows theU-matrix of our map. Bright shadesrepresentlargedistances
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Figure 5.11: Map of the Odor Space.This mapis thesameasmap5.8 with labeladded.The
clustersarestill marked usingshadesof gray, but eachnon-trivial odordescriptorwasusedasa
labelfor its BMU. Themapis toroid,sotheleft andright sidesaswell asthetopandbottomsides
areinterconnected.
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Figure 5.12: U-matrix of the Odor Space.Thedistancesbetweenneighboringgrid unitsof the
trainedSOM for theAldrich databaseareshown. Dark shadesrepresentsmall distances,bright
shadesrepresentlargedistances.

betweenclusters,dark shadesrepresentsmall distances.For example,in Figure5.11,

bottomcenter, theodorslight, coffeeandcocoaareneighbors.But by checkingthecorre-

spondingdistancesin theU-matrix in Figure5.12,wenotehugedistancesbetweencoffee

andlight, while coffeeandcocoaarerealneighbors.

Pleasenotethatin Figure5.8,wecanalreadyseethatcoffeeandcocoaarerealneigh-

borsasthey belongto thesamecluster. In general,we canof coursebesurethatodors

arerelatedif they belongto thesamecluster.
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Applications of the Olfactory PerceptionMap

In thepreviouschapters,wespentmuchtimedescribingdetails,problemsandrestrictions

of our mappinginfrastructure.The crucial questionof the applicability of the maphas

not beencoveredso far. Hence,in this chapterwe will try to illustratepossibilitiesthat

areenabledby this new approach.Themappingapproachwill becomparedagainstthe

old approach,thedirectedgraphmodelof Chee-Ruiter[12].

We will concludewith fascinatingevidencethatwe foundfor a hypothesisaboutecolog-

ical proximitiesbetweenchemicals.

6.1 The order of apple, bananaand cherry

Even thoughit is known that Parkinson's disease,for example,in�uences the senseof

smell, thereareonly a few simpletestsavailablefor theclinical use[15]. It canjust be

testedwhetheror notapatientcandetectacertainstimulusor not.

Our new approachhasanoutstandingpropertythat is not in thescopeof themodels

proposedsofar. We areableto quantifytheorderof odors.Somequanti�cationsarenot

very surprising. In Chapter5, we motivatedthe useof the U-matrix with the question

whethercoffeeis morerelatedto cocoaor to light. Theinsightthatcoffeeis moreclosely

relatedto cocoathanto light is notverysurprising.

But let us take anotherexample. A popularexamplefor the main problemin odor
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perceptionis the questionof the orderof the threeodorsapple, bananaandcherry. Is

cherrycloserto bananathanto apple, or is cherry locatedsomewherebetweenappleand

banana, or is therea totally differentorder?

Without themap,this is a philosophicalquestion.Maybepeopleknow cocktailsthat

aremadeusingcherryandbananajuice, but not applejuice. Sothey might advancethe

opinionthatcherryandbananabelongtogether.

However, we cantry to give a moreobjectiveanswerusingthemaps.First, referring

to the labeledmapin Figure5.11andtheclustermapin Figure5.8,we �nd thatcherry

belongsto cluster17,appleto cluster19 andbananato cluster11. Becauseof thetoroid

characterof the map,cluster17 andcluster19 areneighbors;similarly, cluster19 and

cluster11arenext to eachother. Furthermore,thereis at leastoneclusterbetweencluster

11 andcluster17. Finally, theU-matrix in Figure5.12shows that thereis a realneigh-

borhoodrelationshipbetweencluster17 andcluster19,aswell asbetween11 and19.

Thus,theodormapindicatesthattheorderis asfollows:

cherry– apple– banana

This may be a small illustration of the kind of unansweredproblemsthat will become

solvableusingasolid odorperceptionmaplikeours.

6.2 Comparisonbetweenold and newmaps

Therearesomehypothesesthathave beenbuilt on existing mappings,soit will beinter-

estingto compareourapproachwith existing approaches.Unfortunately, thecomparison

with mostmodelslike Woskow's odormapsis dif�cult becausethey usedtheir mapsto

categorizeodorants(chemicals)insteadof odors.

If we compareHenning's odorprismwith our map,we cannot�nd any relationships
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Figure6.1: A group of herbaceousodors. In thesmallcutout,thepartof Chee-Ruiter's directed
graphthat shows the groupof herbaceousodorscanbe seen.On the map,clustersthat include
odorsin thegrapharehighlighted.celery, carawayandpleasantareelementsof thefragmented
cluster15. Thus,in the32-dimensionalodorspace,thehighlightedgroupis contiguous.

betweentheprismandour map. More fundamentally, we would stronglydisagreewith

theideathattheodorspaceis three-dimensional,basedon our �ndings aboutthedimen-

sionalityof odorspace(seeSection4.2).

Themostrecentmodelthatis interestingfor aclosercomparisonis thedirectedgraph

of Chee-Ruiter[12], who discoveredcertainstructuresin hergraph.We werecuriousif

herinterpretationstill holdsup againstourmorerigorousmaps.

Fortunately, we foundmostof theproposedgroupsin ourmap,too. A certainconsis-

tency wasto beexpected,becausethedirectedgraphshowsthemostsigni�cant similarity

from oneodorto another, andthis informationis partof ourmapaswell. To illustratethe

correspondencesbetweenthedirectedgraphandour model,we pickedout threesetsof

odordescriptorsthatform groupsonthedirectedgraphandhighlightedthemonourmap.
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First, we took a groupof herbaceousodors. In Chee-Ruiter's graph,we �nd an co-

herentgroupconsistingof odorslike lilac, celeryandpeppermint. We highlightedeach

clusterthat includesoneof theseodor descriptors. In Figure 6.1, it can be seenthat,

asproposedby Chee-Ruiter, theodorsform a contiguousgroup. At �rst sight, it might

look asif therearetwo groups.But this is becausecluster15 — oneof the fragmented

clusters,seeFigure5.9 — consistsof celery, carawayandpleasant. Thus,in termsof a

32-dimensionalodorspace,thegroupof herbaceousodorsis coherentonourmapaswell.

Let uscompareasecondgroupingthatChee-Ruiterfoundin herdirectedgraph.This

groupconsistsof unpleasantodorslike rancid, putrid andsweaty. In Figure6.2.a,this

part of the directedgraphis shown. Again we took our odor mapandhighlightedeach

clusterthatincludesoneof theunpleasantodors.Keepingin mind thetoroid structureof

themap,we obtaina contiguousgroupfor theseodors.

Finally, we took a groupof smoky andnutty odorslike peanut, coffeeandbacon. In

Figure6.2.b, they form a coherentgroupon the odor mapaswell. Remarkably, these

partsof thedirectedgrapharenotcoherentbut separatedinto threeparts.

6.3 Ecoproximity Hypothesis

Chee-Ruiter[12] proposedthe hypothesisthat, underlyingthe odor space,theremight

be a larger functionalorganizationthanjust the representationof homologousseriesof

molecules.Shefound indicationsin thedirectedgraphmodelthat thechemicalcompo-

sition of moleculesalreadyleadsto clearly segregatedgroups.The fact that carbon,ni-

trogenandsulfur arekey atomsthatcycle throughthemetabolismof animalsandplants

might bea reasonfor this.

According to this hypothesis,the olfactory systemprocessesmetabolicallysimilar

odorantsusingsimilar neuralactivation patterns.But if similar odorantsareprocessed
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(a)

(b)

Figure 6.2: Groups of unpleasant and nutty odors. Groupsof odors in the directedgraph
modelaretestedagainstourodormap.(a): Unpleasantodors— shown asapartof Chee-Ruiter's
directedgraph— arehighlightedon theodormap. Themapis toroid, sounpleasantodorsarea
contiguousgroupon our mapaswell. (b): Smoky andnuttyodorsareexamined.Again, they are
shown aspartof Chee-Ruiter's directedgraph.Remarkably, thesepartsof thedirectedgraphare
not connected,andtheir relationshiphadsofar only beenassumed.On theodormap,we found
evidencefor their coherency.
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(a)

(b)

Figure6.3: Ecoproximity of compoundscontaining nitr ogenand sulfur. Thebrighteracluster
is, thehigheris thepercentageof its odorsthatareevokedby odorantscontainingnitrogen(a) and
sulfur (b). Compoundsthatcontainbothnitrogenandsulfurareincludedaswell.
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usingsimilar patterns,onewould presumethat this groupof chemicalswill only beable

to activatea relatedsetof odors. In thefollowing we will refer to this hypothesisasthe

Ecoproximity Hypothesis.

Let usconsideran intuitive test. We take theodorpro�les of a groupof compounds

andtry to interprettheresultin termsof a possibleunderlyingorder. If theodorantsare

chosenusingacharacteristicthatis relevantfor theirpositionin theodorspace,weshould

obtaina setof odorsthatmoreor lessformsa groupon themap. On theotherhand,if

theodorantsarechosenbasedon anirrelevantcharacteristic,thecorrespondinggroupof

odorswill bespreadall over themap.

We tookall compoundsthatcontainnitrogenandhighlightedtheir odorson ourmap.

Wedid thesamefor compoundsthatcontainsulfur. We obtainedfascinatingresults.

In Figure6.3.a,theresultfor compoundscontainingnitrogencanbeseen.Theshades

of theclustersrepresentthepercentageof theirodorsthatcanbeevokedby odorantscon-

tainingnitrogen.Thebrightertheclusteris, thehigherthepercentageof evokedodors.

Interestingly, theseodorsform very segregatedgroups. The structureseemsto be

two-partandincludesoily, nutty andearthyodors. In Figure6.3.b,the samething was

donefor compoundscontainingsulfur. Accordingly, weobtainclearlysegregatedgroups

containingsmoky andgarlic-likeodors.

At �rst sight, one might be surprisedthat the two groupsof nitrogen-and sulfur-

evoked odorsarenot totally disjoint. But we shouldnot forget that thereis an overlap

causedby chemicalsthatcontainbothnitrogenandsulfur. Otherreasonsthatmight lead

to anoverlapareothercommonfeaturesthatarenot partof this smallexperiment.There

mightbeothercharacterizingelements,oxygenfor example,thatarecontainedin several

compounds,no matterwhetherthey arenitrogenor sulfur compounds.
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Conclusionand Futur e Work

7.1 Conclusion

It hasbeenthemaingoalof this thesisto developaninfrastructurefor generatingarobust

andreliablemapof the “olf actoryperceptionspace”.We usedproventechniquesto re-

ducehighly complex psychophysicaldatasystematicallyto a low-dimensionallevel that

maybemucheasierto explorefor humanscientists.

7.1.1 An infrastructur e for quantifying Odor Space

In Chapter2, thestateof neuroscienceresearchwasoutlined.Now wehavegot a feeling

for theproblemsthatarisein understandingthesenseof smell. In particular, it is still far

from clearwhatmolecularcharacteristicsleadto thecorrespondingodorperceptions.

Historical mappingattempts,like Henning's “Odor Prism” [21], for example,try to

take thereasonablerouteof interpretingpsychophysicalobservationsto achieve a better

understandingof relationshipsbetweenodors.A new andpromisingapproachwaspro-

posedby Chee-Ruiter[12]. Sheextractedinformationaboutodorsimilaritiesfrom large

existingdatabasesandexpressedthemthroughadirectedgraph.

The ideawasto project informationaboutodor perceptionsonto a map. This map

shouldfunctionasan“odor wheel”similar in conceptto a“color wheel”. Thus,thisthesis



7.1Conclusion 77

focusedontheapplicationandextensionof thisidea.Wethink thatourmappingapproach

will leadto new insightsinto thestructureof theodorspace,which,unfortunately, hasso

far beenjusta continuumof unknown structurecontainingall odorperceptions.

Usingaspeciallydesignedmetric,multidimensionalscalingandself-organizingmaps,

aninfrastructurehasbeenproposedto visualizetheodorspacethroughameaningfulmap.

Theunderlyingtechniquesaswell asrelatedproblemsandrestrictionsweremotivatedand

discussed.

7.1.2 Quantifying odor quality data

As proposedby Chee-Ruiter[12], publisheddatabasesof odorants(chemicalswith a

smell) like the Aldrich Flavor andFragrancesCatalog[2] andDravnieksAtlas of Odor

CharacterPro�les [17] were the sourcefor odor information. Accordingto Dravnieks

[16], asetof descriptors– likeAldrich's– is areliableandreproduciblerepresentationof

odorperception.

Chee-Ruiteruseda datasetbasedon theAldrich FragrancesCatalog(including851

chemicalsusing278 odor descriptors)for a �rst mappingapproach.We usedthe same

databasefor our new modelof theodorspace.We have shown that thesubdimensional

distanceKyÌ yieldsthe intuitively mostsatisfyingresultsfor estimatingdissimilaritiesbe-

tweendifferentodors.ThemeasureKcÌ canbeinterpretedasa weightedversionof Chee-

Ruiter's Cross-Entropy InformationI asproposedin Chapter3.

7.1.3 Scalingof quanti�ed data via MDS

Givena dissimilaritymatrix,MDS projectsthesedissimilarities,which do not have to be

metric, into the nearestEuclideanspace.MDS is a well-known methodfor dimension

reductionandgraphicalrepresentationof multidimensionaldata.

The featureof non-metricscalingis essentialfor mappingthe odor spacebecause
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thereis no indicationthat theodorspacehasa metricstructure.In otherwords,we pro-

jecteda spaceof unknown structureinto anEuclideanspacethatbestapproximatesthis

structure.

MDS canalsobe usedto estimatethe dimensionalityof a dataset [32]. We found

evidencethat the odor spaceseemsto be approximately32-dimensional.However, an

accurateanswerto this questionis by far not easyto give. This shouldthusbethe topic

of furtherresearch.

7.1.4 GeneratingKohonenMaps of scaleddata

With themethodsappliedin Chapter3 and4 weobtainedcoordinatesof odordescriptors

locatedin anEuclideanspacethat representsanapproximationof “olf actoryperception

space”. In Chapter5, we usedself-organizingmapsto generatetwo-dimensionalmaps

from thishigh-dimensionalEuclideanspace.

Theuseof thesemapsis restrictedby severalcriteria. Namely, thereis theproblem

of fragmentedclustersthatmakesthede�nition of neighborhoodsmorecomplex. Some

clustersmightbecloseto oneanotherevenif they arenotneighborsontheKohonenmap.

We cansolve this problemby consultinga secondmapthat identi�es theclustersusing

numbers(seeFigures5.8and5.9).Furthermore,wehaveto becarefulevenif two clusters

areneighborson theKohonenmap. It might be that they arenot very closetogetherin

termsof theirhigh-dimensionalrepresentation.Sowehaveto consultathird mapto solve

thisproblem,theso-calledU-matrix (seeFigure5.12).

7.1.5 Using the Olfactory PerceptionMap

The new approachof mappingthe olfactoryperceptionspaceenabledus to �nd several

interestingindicationsandideasaboutodor perception.Beyond doubt, the most fasci-

natingnew featureis the possibility to answerquestionslike: “How areapple, banana

andcherry ordered?”It is no longertruethatsuchquestionscannotbeansweredin odor
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perception.

Furthermore,we showed that the directedgraphapproachby Chee-Ruiterhad al-

readyled to reasonablehypotheses,for which we could now formulatemuchstronger

arguments.In particular, we wereableto show strongevidencefor theecoproximityhy-

pothesis.

In otherwords,wehave foundevidencethattheolfactorysystemprocessesmetaboli-

cally similar odorantsusingsimilar neuralactivationpatterns.We wereableto show that

similar odorantsevoke only relatedsetsof odors. Thus, it seemsas if thesegroupsof

chemicalsareprocessedusingsimilar neuralactivationpatterns.

7.2 Futur eWork

Eventhoughthedescription“a colorwheelfor odors”is veryevocative,wearenot trying

to �nd a continuumof odors.Thequestionis whetherweareableto createa meaningful

mapthatexpressesall theinformationwe canobtainfrom experiments.On thismap,we

will thenbeableto testideasandmodelsthatmightrepresentthe“truth” aboutodorspace.

Oneof thestriking problemsin evaluatingsucha modelis thatwe do not evenhave

anideaof whatthereality lookslike. Wesimplydonotknow how the“olf actorypercep-

tion space”is structured.Soit is very dif�cult to saysomethingaboutpotentialerrorsin

estimatingsimilaritiesbetweenodors.

However, this is thegoalof modelingtheodorspace.Themodelshouldincorporate

asmuchinformationaspossibleandtries to modelreal olfactoryperceptionaswell as

possible.

What doesthe “olf actoryperceptionmap” represent?Maybewe canalreadyseea

mapof thepyriform cortex. Canwe �nd somesimilaritiesbetweenour psychophysical
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modelandtheodorspacehypothesesby Hop�eld [23]? Or themapwill just turn out to

beanexampleof how insuf�ciently olfactoryperceptionis categorizedby odorpro�les.

In any case,it is essentialto searchfor evidenceaboutthe correctnessor falsenessof

the modelwhencomparedwith the realworld. Otherwisethe work presentedherewill

becomeworthless.

7.2.1 Odor Perceptionvs. FaceRecognition

Thereis astrikinganalogybetweenodorandfaceperception.Peopleoftenhaveproblems

describingfaces,but they arevery adeptat discriminatingfaces.This is why thepolice

works with photo�t techniques.It is muchmorefruitful to askpersonsif they know a

facethanto askthemfor adetaileddescription.

With odorants,thecaseis similar. Asking peoplefor their descriptionof anodorant

often leadsto a typical answerlike “I know this odorant.” followed by a moreor less

inadequatedescription.So whenpeoplehave to characterizeodorants,they aregivena

characterizationform — justasfor photo�t techniques— andonly haveto judgewhether

or not acertainsmell�ts to certainodordescriptors.

We couldprobablylearnfrom resultsin faceperception,sincewe know moreabout

faceperceptionthan aboutodor perception. For faces,thereare alreadysophisticated

modelsthat expressa multi-dimensionalfacespace[24]. Of coursethereis a physical

continuumin faceperception.We canphysicallymeasuresimilarities,e.g. eye distance

andhair color. In odorperception,we do not know if this is possible.Therefore,in face

perception,we caneasilydistinguishbetweendifferentfeaturesanddifferentvaluesof

thesamefeature.

Letusassumeweapplythepresentedinfrastructuretoapsychophysicalfacedatabase.

Theresultingmapmight look like theonein Figure7.1. big eyesandroundfacewould

probablybequitecloseto cute, while bushyeyebrowswould becloseto browneyes, be-
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round face

bushy eyebrows

cute

big eyes

brown eyes

feminine

friendly

smooth skin

blue eyes

strict

Figure 7.1: A �ctitious face perception map. Applying our mappinginfrastructureto a psy-
chophysicalfacedatabasemight leadto amaplike this.

causepeoplewith bushyeyebrows areusuallydarkhaired.In faceperception,we know

thatblueeyesandbrown eyesaretwo valuesfor thesamefeatureandthatbushyeyebrows

is a valuefor adifferentfeature.

We do not haveany knowledgelike this in odorperception.We canstatethat“pleas-

ant” and“unpleasant”aredescriptionsof a hedonicvalue,but we simply do not know

whetherany two odorsarevaluesof the samefeatureor if they belongto differentfea-

tures. If we compareappleto browneyes, is cherry thenmorelike browneyesor more

likesmoothskin?

In faceperception,we have indicationsfor the existenceof prototypes[35]. And it

seemslike not only facesareprocessedthis way [20]. Canwe �nd a prototypefor odor-

antsaswell?

A lot of effort shouldbespentonansweringthisquestions,becausethiscouldleadto

anew, revolutionaryinsightinto theperceptionof odorants.
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7.2.2 Dimensionality of Odor Space

Futurework shouldde�niti vely alsoaddresstheproblemof dimensionality. Ononehand,

this problemcorrespondsstronglywith thefeatureextractionproblemwe just discussed,

becausethe numberof featuresequalsthe dimensionof the odor space. On the other

hand,we will learna lot aboutthecomplexity of theolfactorycortex andespeciallythe

structuresbetweenthebulb andthecortex.

For our model and the underlyingdata,a spacewith a dimensionalityof approxi-

mately32dimensionsseemedto besuf�cient. But weshouldnot forgetthatthisestimate

is only aroughguessresultingfrom thescatterdiagrams.It shouldbepossibleto increase

theprecisionof suchanestimatesigni�cantly.

Especiallythe extractionof independentsubsetsof odorsmight leadto new revela-

tionsaboutthegeneralorganizationof odorperceptionspace.

We useda standardMDS method. Thereare differentpossibilitiesto scalemulti-

dimensionaldata. Most of them,Sammonmapping[44], for example,have the same

mathematicalbackgroundand thereforediffer only in somedegreeof relaxation. But

therearesomenew approachesusinglinearembedding[43] andgeometricframeworks

[49] thatmight beableto estimatethe intrinsic dimensionalityof odorspacebetterthan

MDS.

7.2.3 Psychophysical Experiments

Last but not least,a small experimentshouldbe mentionedhere. Although the number

of subjectsaswell asthe numberof trials wasnot suf�cient by far to obtainsigni�cant

results,it wasa very interestingexperience— especiallyfor theauthor— to getan in-

sight into planningand performinga psychophysicalexperiment. Besides,the results

emphasizedthenecessityof psychophysicalexperimentsasapracticalcontributionto the

mappingof odorspace.
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group members chemical odorqualitypro�le
Ž

BJB

2-Methylpyrazine
]

Ž

B

�

2-Methoxypyrazine
Ž

B

• 2-Methoxy-3-methylpyrazine
^

�

Allyl hexanoate fruity — sweet— pineapple
�

]`_ba

� Ž

�

B

Hexyl butyrate sweet— fruity — pineapple
Ž

�J�

Methyl 2-methylbutyrate fruity — sweet— apple
Ž

�

• 6-Amyl-alpha-pyrone coconut— nutty— sweet
ŽP•

B

o-Toluenethiol
a

ŽP•

�

4-(Methylthio)butanol
ŽP•J• Ethyl methylsul�de

Table 7.1: List of Oxygencarrying compounds.This is anexampleof how to chooseodorants
basedonsimilaritiesin theirodorqualitypro�le. Thepro�le of c

�

is mostsimilar to d

�

B

andmost
dissimilarto d

�

• . For thisexampleonly thepro�les of the 
fehg6ij� odorantsareof interest.

We checked ninechemicals(seeTable7.1) againstallyl hexanoate, anodorantwith

thepro�le sweet–fruity–pineapple. Threeof thecompoundscontainnitrogen,threeoxy-

gen(asallyl hexanoatedoes)andthreecontainsulfur. Thethreecompoundscontaining

oxygenwerechosento have a decreasingsimilarity to allyl hexanoatein termsof their

odor quality pro�le. To increaseobjectivity andto avoid the useof language,we per-

formedadiscriminationexperiment– namelya forced-choicetriangulartestin which the

subjectshave to state,which of threepresentedodorantsis different.

Theresultsin Figure7.2aresogoodthat it might bethoughtit shows theresultswe

wantedto obtain,but thesearetheactualdatafrom our experiment.Thesubjectshadno

problemdiscriminatingnitrogenor sulfurcompoundsfrom odorantswithoutnitrogenand

sulfur. Instead,themoresimilar thepro�le of theoxygen-carryingcompoundsis to allyl

hexanoate, theharderis it to make thecorrectchoice.

It turnedout to be really dif�cult to designan psychophysicalexperimentin a rea-

sonableway. Are theregenderdifferences?Do peoplediscriminateodorquality or odor

intensity?Cansomesubjectsperceivesomeodorsbetterthanothersubjects?
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Figure 7.2: Percentageof successfullydiscriminated odorants. c

�

and d

�

l

containneither
nitrogennor sulfur. d

B

l

arenitrogencompounds,d

•

l

aresulfur compounds.All odorantsd

©

l

weretestedagainstc

�

in a forced-choicetriangulartest.

Hopefully, our new approachto mappingthe odor spacewill inspire several psy-

chophysicalexperiments. Our mapswill surely contribute to the successfuldesignof

theseexperiments.
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Mathematical Notes

A.1 Statistics
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Figure A.1: e -nodeHypercubeswith eu
•þG�r�v�w� . Picture taken from [34]

A.2 Hypercubes

De�nition A.2.1 Hypercube. Ther-dimensionalhypercubehas
]

.

�vx nodesand

{��yx

ñ

B

edges.Each nodeis representingan { -bit binary string. Two nodesare linkedwith

an edge if andonly if their binarystringsdiffer in preciselyonebit.
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othernodes,onefor eachbit position.
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(a)

(b)

Figure A.2: 4-dimensionalHypercube. (a): Two 3-dimensionalhypercubes(b): The hyper-
cubesare extendedto a 4-dimensionalhypercube.Still all connectednodeshave a Hamming
distanceof 1. Picture takenfrom[34]
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1 putrid 2 roasted 3 meaty 4 burnt
5 rancid 6 pungent 7 fatty 8 butter
9 cheese 10 creamy 11 oily 12 sour

13 balsamic 14 anise 15 balsam 16 caramel
17 chocolate 18 cinnamon 19 honey 20 sweet
21 vanilla 22 soapy 23 waxy 24 wine-like
25 coffee 26 smoky 27 chemical 28 fruity
29 apple 30 apricot 31 banana 32 berry
33 cherry 34 coconut 35 grape 36 grapefruit
37 jam 38 melon 39 peach 40 pear
41 pineapple 42 plum 43 quince 44 raspberry
45 strawberry 46 citrus 47 lemon 48 lime
49 orange 50 ethereal 51 nutty 52 almond
53 hazelnut 54 peanut 55 walnut 56 spicy
57 pepper 58 medicinal 59 mint 60 �oral
61 blossom 62 carnation 63 gardenia 64 geranium
65 hawthorne 66 hyacinth 67 iris 68 jasmine
69 jonquil 70 lilac 71 lily 72 marigold
73 narcissus 74 rose 75 violet 76 woody
77 green 78 mossy 79 vegetable 80 herbaceous
81 caraway 82 sage 83 earthy 84 musty
85 camphoraceous 86 sulfurous 87 egg 88 cabbage
89 metallic 90 alliaceous 91 onion 92 garlic
93 animal 94 pungent 95 tart 96 leafy
97 strong 98 powerful 99 fragrant 100 aromatic

101 faint 102 popcorn 103 potatochip 104 toastedgrain
105 breadcrust 106 heavy 107 cocoa 108 cereal
109 bread 110 odorless 111 anise 112 phenolic
113 harsh 114 bacon 115 savory 116 horseradish
117 amber 118 dry 119 elegant 120 incense
121 oriental 122 eggyolk 123 hard-boiledegg 124 penetrating
125 fennel 126 mushroom 127 cadaverous 128 gasoline
129 pleasant 130 mild 131 bitter almond 132 repulsive
133 urine 134 quinoline 135 rubbery 136 fresh
137 �shy 138 peppermint 139 cresylic 140 milk
141 rum 142 warm 143 sharp 144 sweaty
145 spearmint 146 refreshing 147 terpene 148 cool
149 clove 150 cassia 151 lemonpeel 152 intense
153 acid 154 raisin 155 prune 156 musk
157 weak 158 unpleasant 159 bakedpotato 160 sautedgarlic
161 clams 162 orangeblossom 163 very strong 164 fenugreek
165 licorice 166 diffusive 167 butyric 168 roastedcrudesugar
169 mildew 170 moldy 171 whiskey 172 peanutbutter
173 new leather 174 roastednut 175 grassy 176 grilled chicken
177 tea 178 roastedbarley 179 boiledpoultry 180 delicate
181 magnolia 182 plastic 183 seedy 184 light
185 brandy 186 sour 187 burnt almond 188 chamomile
189 passionfruit 190 driedfruit 191 maple 192 butterscotch
193 tobacco 194 leather 195 rhubarb 196 skunk
197 candy 198 raw potato 199 wintergreen 200 cognac
201 mustard 202 bakedbread 203 ripe 204 lavender
205 smokedsausage 206 toasted 207 sickening 208 alcoholic
209 leafy 210 acrid 211 bitter 212 tropicalfruit
213 unripefruit 214 hotsugar 215 fecal 216 fuseloil
217 mango 218 pine 219 turpentine 220 celery
221 grapeskin 222 greenbell peppers 223 greenpeas 224 tomatoleaves
225 ammonia 226 cedarwood 227 blueberry 228 rooty
229 creosote 230 clean 231 bergamot 232 malt
233 blackcurrant 234 mercaptan 235 galbanum 236 roastedalmond
237 roastedpeanut 238 gardenia 239 candycircuspeanuts 240 dairy
241 buttermilk 242 stinging 243 cucumber 244 watermelon
245 acrylic 246 bread 247 roastedcorn 248 boiledcabbage
249 fried 250 cookedonion 251 cookedmeat 252 crackers
253 wild 254 menthol 255 rich 256 brown
257 tomato 258 parmesancheese 259 romanocheese 260 ricottacheese
261 greenbean 262 sherry 263 amine 264 acetic
265 saffron 266 mothballs 267 decayed 268 bland
269 petroleum 270 cauli�ower 271 fermentedsoybean 272 lard
273 burntcaramel 274 roastedcoffee 275 wet 276 orangepeel
277 mandarin 278 �at

Table B.1: Aldrich DatabaseLabels. This is thecompletelist of odordescriptorsthatwe used
for theodormaps.
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FigureB.1: Chee-Ruiter'sDir ectedGraph. Thedirectedgraphmodelsanodorqualitymapfor
Aldrich data.Picture takenfrom[12] .
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FigureB.2: Clustered KohonenMap of Odor Space.
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Figure B.3: Map of the Odor Space.
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Figure B.4: U-matrix of the Odor Space.
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FigureB.5: U-matrix of the Odor Spaceincluding Clusters.



List of Figures

1.1 Data�o w throughthemappinginfrastructure . . . . . . . . . . . . . . 6

2.1 Schematicview of thehumannose . . . . . . . . . . . . . . . . . . . . 9

2.2 OlfactoryReceptorNeuron.. . . . . . . . . . . . . . . . . . . . . . . . 10

2.3 OlfactoryEpithelium. . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.4 OlfactoryBulb . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.5 Henning'sodorprism . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.6 Partof Chee-Ruiter's odorgraph . . . . . . . . . . . . . . . . . . . . . 16

3.1 Stuf�ng of theobservationvectors . . . . . . . . . . . . . . . . . . . . 28

3.2 SDmatrix for aldrichdatabase. . . . . . . . . . . . . . . . . . . . . . 34

4.1 Reconstructingpointsfrom adistancematrix . . . . . . . . . . . . . . 37

4.2 Sketchof somepoints . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

4.3 SampleRunof MDS . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

4.4 ScatterPlotof 2D-MDSonAldrich database. . . . . . . . . . . . . . . 44

4.5 Map resultingfrom 2D MDS basedonAldrich database. . . . . . . . . 45

4.6 ScatterPlotsof 8D- and16D-MDSonAldrich database. . . . . . . . . 48

4.7 ScatterPlotof 32D-and64D-MDSonAldrich database. . . . . . . . . 49

4.8 Stressvaluesfor differentDimensions . . . . . . . . . . . . . . . . . . 50



LIST OF FIGURES 13

4.9 Comparisonof 16D,32Dand42D MDS results . . . . . . . . . . . . . 53

5.1 AbstractKohonenmodel . . . . . . . . . . . . . . . . . . . . . . . . . 56

5.2 Flat torusvs. doughnutsurface . . . . . . . . . . . . . . . . . . . . . . 57

5.3 CompetitiveLearningof SOM . . . . . . . . . . . . . . . . . . . . . . 59

5.4 2D example:trainingsetfor SOM . . . . . . . . . . . . . . . . . . . . 61

5.5 2D example:SOM initialization . . . . . . . . . . . . . . . . . . . . . 61

5.6 2D example:SOM aftertraining . . . . . . . . . . . . . . . . . . . . . 62

5.7 Uni�ed distancematrix. . . . . . . . . . . . . . . . . . . . . . . . . . . 63

5.8 ClusteredKohonenMap of OdorSpace . . . . . . . . . . . . . . . . . 64

5.9 FragmentedClusterson theKohonenMapof OdorSpace. . . . . . . . 65

5.10 Surfaceof OdorSpace . . . . . . . . . . . . . . . . . . . . . . . . . . 66

5.11 Mapof theOdorSpace . . . . . . . . . . . . . . . . . . . . . . . . . . 67

5.12 U-matrixof theOdorSpace. . . . . . . . . . . . . . . . . . . . . . . . 68

6.1 A groupof herbaceousodors . . . . . . . . . . . . . . . . . . . . . . . 71

6.2 Groupsof unpleasantandnuttyodors . . . . . . . . . . . . . . . . . . 73

6.3 Ecoproximityof compoundscontainingN andS . . . . . . . . . . . . . 74

7.1 A �ctitious faceperceptionmap . . . . . . . . . . . . . . . . . . . . . 81

7.2 Percentageof successfullydiscriminatedodorants. . . . . . . . . . . . 84

A.1
]

-nodeHypercubeswith
]

.

�c"¼ÃÇ"C
 . . . . . . . . . . . . . . . . . . 3

A.2 4-dimensionalHypercube. . . . . . . . . . . . . . . . . . . . . . . . . 4

B.1 Chee-Ruiter's DirectedGraph . . . . . . . . . . . . . . . . . . . . . . 7

B.2 ClusteredKohonenMap of OdorSpace . . . . . . . . . . . . . . . . . 8



14 LIST OF FIGURES

B.3 Map of theOdorSpace . . . . . . . . . . . . . . . . . . . . . . . . . . 9

B.4 U-matrixof theOdorSpace. . . . . . . . . . . . . . . . . . . . . . . . 10

B.5 U-matrixof theOdorSpaceincludingClusters . . . . . . . . . . . . . 11



Bibliography

[1] Adelman,G.,Encyclopediaof Neuroscience, Birkhäuser, 1987.

[2] Aldrich, editor, Flavor and FragrancesCatalog, SigmaAldrich ChemicalsCom-

pany, Mil waukee,WI, 1996.

[3] Arctander, S.,PerfumeandFlavor Chemicals(AromaChemicals), publishedby ed.,

Montclair, NJ,1969.

[4] Axel, R., “The molecular logic of smell,” Scienti�c American, Vol. 10, 1995,

pp.130–137.

[5] Ayabe-Kanamura,S.,Schicker, I., Laska,M., Hudson,R., Distel,H., Kobayakawa,

T., andSaito,S.,“Dif ferencesin perceptionof everydayodors:A japanese-german

cross-culturalstudy,” Chem.Senses, Vol. 23,1998,pp.31–38.

[6] Blanz, V. andVetter, T., “A morphablemodel for the synthesisof 3d faces,” Pro-

ceedingsof SIGGRAPH'99, 1999,pp.187–194.

[7] Bradley, P. S.,Fayyad,U. M., andMangasarian,O.L., “Mathematicalprogramming

for datamining: Formulationsandchallenges,” INFORMSJournal on Computing,

Vol. 11,1999,pp.217–238.

[8] Buck,L. andAxel, R., “A novel multigenefamily mayencodeodorantreceptors:a

molecularbasisfor odorreception,” Cell, Vol. 65,1991,pp.175–187.

[9] Buck, L. B., “The moleculararchitectureof odorandpheromonesensingin mam-

mals,” Cell, Vol. 100,2000,pp.611–618.



16 Bibliography

[10] Cain,W. S., “History of researchon smell,” E. C. CarteretteandM. P. Friedmann

(Eds.),Handbookof Perception, Vol. VIA: TastingandSmelling,1978,pp. 197–

243.

[11] Cain,W. S.,deWijk, R., Lulejian, C., Schiet,F., andSee,L., “Odor identi�cation:

Perceptualandsemanticdimensions,” Chem.Senses, Vol. 23,1998,pp.309–326.

[12] Chee-Ruiter, C. W. J., TheBiological Senseof Smell: Olfactory Search Behavior

anda MetabolicView for OlfactoryPerception, Ph.D.thesis,CaliforniaInstituteof

Technology, Pasadena,CA, 2000.

[13] Copson,E. T., Metric Spaces, CambridgeUniversityPress,Cambridge,1968.

[14] Darnell,J.,MolecularCell Biology, Scienti�c AmericanBooks,1995.

[15] Daum,R. F., Sekinger, B., Kobal,G.,andLang,C. J.G., “Riechpr̈ufungmit snif�n'

stickszur klinischendiagnostikdesmorbusparkinson,” Nervenarzt, Vol. 71, 2000,

pp.643–650.

[16] Dravnieks,A., “Odor quality: Semanticallygeneratedmultidimensionalpro�les are

stable,” Science, Vol. 218,1982,pp.799–801.

[17] Dravnieks, A., Atlas of Odor Character Pro�les, Data SeriesDS 61, ASTM,

Philadelphia,PA, 1985.

[18] Faloutsos,C.andLin, K., “Fastmap:A fastalgorithmfor indexing,data-miningand

visualizationof tradditionalandmultimediadatasets,” Proceedingsof 1995ACM

SIGMOD, Vol. 24,1995,pp.163–174.

[19] Furia,T. andBellanca,N., Fenaroli' sHandbookof Flavor Ingredients, CRCPress,

BocaRaton,FL, 1994.

[20] Gauthier, I., Skudlarski,P., Gore,J. C., andAnderson,A. W., “Expertisefor cars

andbirds recruitsbrain areasinvolved in facerecognition,” Nature Neuroscience,

Vol. 3, 2000,pp.191–197.

[21] Henning,H., Der Geruch, Barth,Leipzig,1916.



Bibliography 17

[22] Henrysson,S.,Applicability of factor analysisin thebehavioral sciences, Almquist

& Wiksell, Stockholm,1957.

[23] Hop�eld, J. J., “Odor spaceand olfactory processing:Collective algorithmsand

neuralimplementation,” PNAS, Vol. 96,October1999,pp.12506–12511.

[24] Hurlbert,A., “Tradingfaces,” NatureNeuroscience, Vol. 4, 2001,pp.3–5.

[25] Jain,A. K. andDubes,R.C.,Algorithmsfor clusteringdata, PrenticeHall Advanced

ReferenceSeries:ComputerScience,New Jersey, 1988.

[26] Jolliffe, I. T., Principal ComponentAnalysis, Springer-Verlag,New York, 1986.

[27] Kanwisher, N., “Domain speci�ty in faceperception,” Nature Neuroscience, Vol. 3,

2000,pp.759–763.

[28] Kaski, S., Data Exploration using Self-OrganizingMaps, D.sc. (tech), Helsinki

University of Technology, Finland,March 1997,Acta PolytechnicaScandinavica,

Mathematics,ComputingandManagementin EngineeringSeriesNo. 82.

[29] Kohonen,T., Self-OrganizingMaps, Springer-Verlag,Berlin, Heidelberg, 1995.

[30] Kruskal, J. B., “Multidimensionalscalingby optimizing goodness-of-�tto a non-

metrichypothesis,” Psychometrika, Vol. 29,1964,pp.1–29.

[31] Kruskal,J. B., “Non-metricmultidimensionalscaling:A numericalmethod,” Psy-

chometrika, Vol. 29,1964,pp.115–129.

[32] Kruskal,J.B. andWish,M., MultidimensionalScaling, SagePublications,Beverly

Hills, CA, 1978.
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