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Zusammenfassung

Die FunktionhohererGehirnarealém Rahmender Geruchsvahrnehmungst nochweit-
gehendunbekanntWissenschaftlesind bei der Wahl ihrer Stimuli nochimmerin erster
Linie auf ihre pergnliche Erfahrungangeviesen. Es gibt kaum Kontrolle dariiber ob
dieseSubstanzenatsachlich den gesamten,Geruchswwhrnehmungsraumausreichend
abdeclen.

UnterVerwendundgekanntenumerischeNerfahrenwird einerobustelnfrastrukturvor-
gestellt,mit der esmaglich ist, sowohl existierendeals auchzukiinftige Daten&tzeaus
psychophysikalischennd neurophysiologischekxperimenternin Bezugauf Geruchs-
wahrnehmungu analysierersowie ihre Bedeutungeu interpretieren.

Mit einemMultidimensional-Scaling-grfahrenwurdeeineDatenbankzur Geruchswvahr-
nehmungdurch eineneuklidischenRaumapproximiert. Diese Datenernibglicheneine
eigensandigelnterpretationder GeruchswwhrnehmungauchohnedasWissen,ob der
,,Geruchswwhrnehmungsraunmunmetrischist odernicht. UnterVerwendungonselbst-
organisierendeKartenwurdenzweidimensional&artendiesereuklidischennterpreta-
tion des,,Geruchswhrnehmungsraumeststellt.

DieseArbeit erweitertundstiitzt die zentralerErgebnissaler Doktorarbeitvon Christine

Chee-Ruitererstelltim Jahr2000am Californialnstituteof Technology[12].



Abstract

The role of higher cortical regionsin olfactory perceptionis not very well understood.
Scientistamustchoosetheir stimuli basedargely on their personakxperience.Thereis
no guaranteehatthe choserstimuli spanthewhole “olf actoryperceptiorspace”.

Using well-known numericalmethodswe presenta robust infrastructurefor analyzing
andinterpretingcurrentand future psychophysicahnd neurophysiologicaéxperiments
in termsof “olf actoryperceptiorspace”.

An olfactory perceptiondatabaseavas projectedonto the nearestigh-dimensionaEu-
clideanspaceusing a MultidimensionalScalingapproach. This yields an independent
Euclideaninterpretatiorof odorperceptionno matterwhetherthis spacas metricor not.
Self-oganizingmapswere appliedto producetwo-dimensionamapsof this Euclidean
approximatiorof the olfactoryperceptiorspace.

This thesisextendsand supportsthe centralresultsof a recentPhD thesisby Christine

Chee-Ruiteat the Californianstituteof Technology{12].
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CHAPTER 1

Intr oduction

This thesisintroducesa new approachto mappingthe so-called“olf actory perception
space” whichis the structurethat organizeslfactoryperceptionsccordingto a certain
(sofar unknownn) system.The main goal of mappingthis spaces to improve the under

standingof the senseof smell.

1.1 The Senseof Smell

Humanbeingshave ve mainsenseshearing,sight,touch,tasteandsmell. For several
thousandyears,not only philosophersand scientistshave beentrying to understandhe
humansensesand how the world is perceved usingthem. The chemicalsensesespe-
cially thesenseof smell,arestill notverywell understoodThisis in spiteof thefactthat

smellis oneof our oldestsenses.

Nowadaysourhighly developedsensibilitiesseento beoffendedby olfactorypercep-
tions, which meansthat our sanitizedervironmentdoesnot containmary odorantsthat
couldsene asainformation-carryingstimuli. Hence peoplearenot awarethatthe sense
of smellmight have beenamainsensdor ourancestorsConsequentlymostpeoplehave
problems nding “words”to describetheir smellsensationslt seemgo be mucheasier
to recognizea known odorantor to discriminatetwo odorantghanit isto nd asuitable

label (a so-calledodor) characterizingan odorouschemical.
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However, chemicalsthat have a smell — so-calledodorants— canin uence our
mood, they cantrigger discomfort,sympathyaswell asrefusal. Reactiondik e this are
hardto suppressinceneuronf thenoseareconnectedlirectlyto apartof thebrain,the
so-calledolfactorybulb. Furthermorepur noseis capableof distinguishingatremendous
numberof odorsandof detectingchemicalmoleculesevenin avery low concentration.
Thereforenot only the perfumeindustryhasa high interestin a deepemunderstandingf

thesensef smell.

In thelastfew decadesmoreandmoreof thefundamentaprocesses the olfactory
bulb have beenunderstood4]. Eventhoughresearcton the molecularlevel hasmade
suchrapidprogressthesignalprocessingntheway from thebulb to theolfactorycortex

andthe odorantperceptionn thesehighercorticalregionsis far from beingunderstood.

1.2 In Search of the Odor Space

From antiquetimes, philosophersik e Aristotle have soughtfor insightsaboutthe sense
of smell. But eventhoughresearclstartedthis early, thereis still atremendouseedfor
resultsconcerninghe cateyorizationof odorqualities.Becausehereis no physicalcon-
tinuumassoundfrequeng in hearing,scientistamustchoosetheir stimuli basedargely
on their personalexperience. Consequentlyhereis no guaranteghat the chosenstim-
uli spanthewhole“olf actoryperceptiorspace” which canbe comparedo the wheelof
colorsfor vision. Thereis not evenatestto assesiow well participantsin the experi-
mentscansmell. Besidesmostpsychophysicagxperimentsareusingchemicallysimilar
compoundsSuchexperimentsassumehatthe olfactorysystemclassi esmoleculesnto

distinctchemicalcateyoriesthatarebasedon structuraldifferenceg12].

Dueto thefactthatit is still notpossibleto predicttheodorquality of astimulusbased
solelyonits molecularstructurg46], thisassumptiorseemgo be moreof aresearchira-

dition thanasolid theory
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Genderor cultural differenceamight in uence the perceptionof certainstimuli, but
we have no knowledgeaboutthesefactors. Similarly, thereis no generaimethodto test
the overall capabilityto smell of subjects— in contrastto the senseof vision, for exam-

ple. Thereareindicationsof culturaldifferencesn odorperception.

Ayabe-Kanamuratal. [5], for example,testedgroupsof JapanesandGermansub-
jectsfor their odor perception®f typical Japanesand Germandishesthatarenot well-
known in the otherculture(e.g. sushiandbeer). They foundindicationsthatthe cultural
backgroundeadsto differencesn odorquality perception Soeventhechoiceof subjects
for apsychophysicaixperimentcanbeproblematiovithoutagoodunderstandingf odor
space.Whereaswve do not think thatthe existing resultsare fundamentallywrong, they
might belessaccuratahanthey could bewith a betterunderstandin@f the organization

of theodorspace.

1.3 Quantifying Olfactory Perception

Especiallythe lack of anobvious*“order” of odorsmakesa mapof odor perceptiorvery
interestingfor researchA mapof odorquality couldhelpto de ne “neighborhoods’for
differentodorsandto de ne agenerakpectrunof odors.Sofar, we cannotell if appleis
locatedsomevherebetweercherry andbananaor not. Corversely a betterunderstand-
ing of odor catggorizationmight help to understandhe perceptionof differentodorants

andtheway they areprocessedh the neuralodorperceptiometwork.

But whatcanbe expected?Canwe nd a physicalmeasurdor odor quality? There
is skepticism. We do not expectto nd a metricto predictthe odor quality thatwill be
evoked by a certainodorant. However, we will try to nd a measureghatis ascloseas
possibleto our intuitive understandingf odor similarity, to achieve a projectionof odor

perceptiorthatpreseresknown relationshipsaswell aspossible.

If we had a reliable modelfor differencesbetweenodors, we could try to project
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this informationonto a Euclideanspace.This datacould thenbe analyzedwith already
existing datamining methodsfor high-dimensionaEuclideansets. In the end,it might
becomepossibleto derive new ideasaboutchemicalrelationshipsand the interaction
betweerthe olfactorybulb andthe olfactory(pyriform) cortex basedon odorperception
maps.It would becomepossibleto searchthrougha mapof odorantsandto selectstimuli
accordingo theodorperceptiorpro le they will evoke. It couldenablegheneurosciences
to spotnew structuresn the signalprocessingf odorantinformationandcould nd use
in medicalapplicationse.g.to testsigni cant defectof thesensef smellin Alzheimer's

or Parkinsons disease.

1.4 ThesisOutline

Interdisciplinaryresearcttanbe challengingaswell asfrustrating. Usually, anaudience
is madeup of specialistdrom differentareas. While one part of the audiences bored
becausé¢hey alreadyknow mostof the methodgpresentedthe otherpartis overwhelmed
by the densepresentatiomf ideasthat,for them,arecompletelynew. Eachpersonmight
experienceboth of thesesituationsseveraltimesin the differentstagef atypical inter

disciplinarywork.

| personallyexperiencedhis problem.Whenl rst heardatalk aboutneuroscienti c
spikes,| got swampedby the hugeamountof informationandusedterms,| never heard
of. The otherway around,| was morethanboredaboutthe following discussiornthat
concerneaf theabsolutevalueof acomplex number To solve atleastthe rst problem,
| decidedo give acomprehensi view ontheneurosciencef thenoseaswell asacom-
prehensie introductioninto all theoretical elds that| usedin this thesis. The second

problem,whichis feelingbored,canbe easilysolvedby turningoverthesepages.

In otherwords,asa specialistin a certain eld, you areencouragedo skip theintro-
ductionof the chaptersbelongingto your eld of expertise,sincethey are probablynot
very informative for you. For everyoneelse,eachnew topic beginswith a shortillustra-

tion of the mainideasof the underlyingtheories.The secondstructurethatcanbe found
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in this thesisaddressethe successie developmentof anodormap. We will startwith a
shortexcursioninto neurosciencejescribingflundamentaknowledgeaboutthe senseof
smellandthe mappingof odor space.Afterwards,we will tracethe successie stepswe

hadto take to reacha meaningfulodormap.

In Chapter2, the physiologyof thenoseis summarizedrie y. Furthermore,rst ap-
proachegto odor mappingaredescribedat the endof this chapter This chapterpresents
the most currentunderstandingf smell perception. Of course this introductionis re-
strictedto essentiaknowledge,asthis thesisdoesnot actuallyfocuson neuroscienti ¢

data.

However, it is importantto gainabasicknowledgeof thesensef smellto understand
whatkind of essentiafjuestionave to beansweredThebrief introductionin Chapter2

is dedicatedspeciallyto all non-neuroscientists- like me— who arereadingthisthesis.

This thesismainly extendsbasicideasproposedy Chee-Ruitef12]. This approach
is introducedin Section2.4. We will usein thefollowing chapterghe samedataasshe
did. Thisis a datasebasedon the Aldrich Flavor and FragrancesCatalag [2], which

includesdescription®f almost900 chemicalsusingabout300odordescriptors.

Thenext threechapter§Chapter3, 4 and5) discussassumptiongneasureandmeth-
ods usedto solve the problemof mappingthe odor space. In thesechapters,a short
introductionis given into the modelsusedandthe new ideasthat are developed. This
introductionis followed by the applicationof thesemethodsto an experimentalodor
database.Consequentlythe interim resultsof our work are found at the end of these

chapters.

Chapter3 describeshedevelopmeniof a metricthatexpressesimilaritiesor dissim-
ilarities betweenelementsof an experimentaldatabasedequately For odor similarity

dataa specialsemi-metric,called SubdimensionaDistance is proposed.This metricis
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Figure 1.1: Data o w through mapping infrastructur e.

foundto bethemostsatisfyingintuitively. Also, theindependencef our approactof the
guality of psychophysicatiatais emphasizedUsing this speciallydesignedmetric, we
obtainadissimilarity estimateof the odordata,namelya dissimilaritymatrix (see
Figurel.l).

In Figure 1.1, the data o w from the raw datato the odormapis shovn.  experi-
mentalobsenationvectorsaregiventhathave featureseach.We will dervea
dissimilaritymatrix out of thesefeaturevectorsusingthe subdimensionalistance There
is awell-known numericalmethodto reconstructmetric pointsfrom a dissimilarity (dis-

tance)matrix. This methodis calledMultidimensionalScaling(MDS).

In Chapter4, MDS is presented.The mainideais just to ignore whatever structure
mightunderlietheodorspacedataandinsteado nd theclosest -dimensionaEuclidean

representationf the givendissimilarity matrix.

The odor spacewasfoundto betoo comple to derve a mapout of the MDS points
directly. Thisis because, the dimensionof the bestEuclideanrepresentations much
biggerthan2. If hadbeen2 thisthesiswould have endedatthis point. As it standshow-
ever, we needa visualizationtechniquefor high-dimensionakpacesandsoin Chapter
5, we apply a well-known methodfor topology-conservinglatadisplay so-calledSelf-

organizingmaps(SOMs).

In Chapter6, we give a comprehensie summaryof theseresultsaswell asa motiva-
tion of how theresultingmapscanbeusedto testexisting hypothesesWe will answelthe
guestionof how the odorsapple bananaandcherry areorderedin odor space.Further

more,we will compareour mapwith existing approachesConnectiongo Chee-Ruites
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directedgraphwill beshawn.

We foundevidenceto supporttheso-calledecoproximityhypothesisThisis ahypoth-
esisabouttherole of key atomsin the ervironmentfor odorperception.This hypothesis

andtheevidencethatwe foundwill be presentedttheendof this chapter

In the last chapterof this thesis,the infrastructureusedto generatéhe mapandthe
resultswill bediscussedFinally, we will endthediscussiorwith anoutlookon potential

projectsandfuturework.



CHAPTER 2

Smell (Olfaction)

Anythingthathasa smellconstantlyevaporatesiny quantitiesof moleculeghatcausehe
smell perceptionso-calledodorantsjnto the surroundingair. Thereforetheairis lled

with a mixture of differentodorantswhetherthey wereevaporatedy a beautifulroseor
arotting sh. Thesemoleculesaretiny, mostly invisible andchemicallyhighly reactve.
A sensotthatis capableof detectingsuchmoleculess calleda “chemicalsensor”.Thus

thenoseis achemicalsensolndthe senseof smellis achemicalsense.

Eventhoughmosthumanbeingsarenot actively consciousof their senseof smell, it
is themainsensdor mostmammals.They identify essentiathingslik e food, enemiesor
even sexual partnersusingtheir nose. Odorantsareableto in uence our moodandcan
trigger discomfort,sympathyaswell asrefusal. They might evenin uence our sexual
feelings,sinceeachindividual hasan unique,geneticallybiasedsmell. Sofor humansit
seemso beverylikely thatfrom anevolutionarypoint of view thenoseplayedanimpor-
tantrole and probablystill doesso. Wells and Hepper[53] have dravn attentionto the
oftenoverlooked presencef our senseof smell. They testeddogownersfor their ability
to identify individual dogsby their smell. Interestingly of the participantswere

ableto recognizethe odorof their own dog.

Mammalscan distinguisha tremendousiumberof odorants,e.g. humansare able
to differentiate(dependingupontraining) around10,0000f theseodorouschemicald4].

A smell sensationa so-calledodor (e.g. or al), canbe perceved evenin a very low
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Figure 2.1: Schematicview on the human nose.Inhaledodorantsindto neurondocatedin the
olfactoryepithelium.This epitheliumis locatedin theupperareaof thenasalcavity. Picture taken
from[4].

concentratiorof thecorrespondingnolecule§odorantmixtures.e.g.lavenderoil). Some
odorantsanbedetectedvenif theconcentrationn theair is only onepartpertrillion. A

“betternose”in othermammalsdoesnot necessarilyetectmoreodorantghana human
nose however, well trainedsnifferslik e dogshave theability to perceve odorantsalready

in substantiallysmallerconcentrations.

About 1000differenttypesof molecularreceptorshave beenidenti ed in the human
nose[8]. Thisis aremarkablylargenumberbecauseatleastthe samenumberof geness
necessaryo expresshesereceptorsin otherwords, of all the50,000to 100,000

humangenex<odefor thesensef smell[8], [4]. Thusthesereceptorsepresenbneof the
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Figure 2.2: Image of an Olfactory ReceptorNeuron. Theimagesareshavn magni ed 17,500
times. Left: Olfactoryreceptomeurong ORNs)arelocatedin the olfactoryepithelium. Right:
So-calledcilia protrudefrom thetip of anindividual ORN. Odorreceptoiproteins(ORPs)located
onthecilia bind to odorantslmage takenfrom[4].

largestgenefamiliesthathasbeerfoundsofarin thehumangenome Thisfactmaycount

asevidencefor the extraordinaryrelevanceof this sensan the evolution of mammals.

2.1 Stimulus Detectionin the Olfactory Epithelium

Odorantdbehae lik e ligandsandbind to speci ¢ OdorReceptoiProteing ORPs).Olfac-
tory ReceptoNeurong ORNS)in theolfactoryepitheliumexpresssuchORPsontheirtip

onthesurfaceof hairlike structuresso-calleccilia. Theolfactoryepitheliumis locatedin

the upperareaof the nasalcavity andhasa sizeof about [45]. Odorantshind to

the ORPsandstimulatethe neurongo re. Thereareup to 50 million ORNslocatedin

theepithelium[40]. Figure2.2shawvs a highly magni ed imageof anORN in theepithe-
lium (left) anda close-upof thecilia onan ORN (right).
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Odorant

Mucus Iayer‘{ ; = S— - Cilia
i AR Motdenltal Lt Laiantefiad N i Microvilli

Sensory Supporti
neuron PR

cell

Olfactory nerve fascicle

Figure 2.3: Olfactory Epithelium. Cilia rise into mucuslayer, the top layer of the olfactory
epithelium.ORNsaresurroundedby supporicells. A layerof basalcells (or stemcells)sitsunder
thelayerof ORNSs.Picture takenfrom[36].

Besideghe million ORNSs,thereareso-calledbasalor stemcells,which areableto
generatéORNsthroughoutthe lifetime of anorganism(seeFigure2.3). The neuronsn
theolfactoryepitheliumareregeneratedontinuouslyapproximatelyevery 50to 60 days.
In this respecthey differ from commonneuronswhich are generallybelievedto grow

onceandarenever replacedagain.

EachORN expresse®nly onetype of ORPonits surface[37]. Thedifferenttypesof
ORN aresgyregatedinto 4 main zones.Within the zones the ORN typesarerandomly
distributed[9]. In situ hybridizationexperimentsby Axel etal. [4] visualizedthe path-
waysof ORNscarryingthe sameORP The expressionof a specialORP genecauseca

blue coloringof the ORN cell atthe sametime.

2.2 SignalProcessingn the Olfactory Bulb

OlfactoryreceptomeuronsarebipolarneuronsTheiraxonsendin themucousnembrane
aswell asin the olfactorybulb, anappendixof the brain. The olfactorybulb is divided

into two interconnecteavings. SeeFigure2.4for aschematicziew of the bulb.
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Figure 2.4: Olfactory Bulb. ORNssendtheir input throughthe craniumto the olfactorybulb,
wherethe ORNs corverge at sitescalled glomeruli. From there, signalsare projectedto other
regionsof thebrain,includingtheolfactorycortex. Picture takenfrom[4].

Therearecertainspatialregions,socalledglomeruli,wheretheendsof several ORNs
gather While ORNsarerandomlydistributedwithin the OlfactoryEpithelium,all ORNs
of the sametype corverge to receptorspeci ¢ 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 humansare ableto distinguishmore than 10,000
odorantswith just1,000differentreceptoitypes.lt hasbeenshovn thatmammalsexpress
eachof the 1,000codingreceptorgenesin approximately of all ORNsJ[4]. Thus
probablyeachneuronexpressesnly aspeci ¢ gene.Furthermorgolymerasehainreac-

tion (PCR)experimentgndicatethatonly identicalreceptorgenesareactivatedin ORNs
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of the sametype. Thesetwo discoveriesby Malnic et al. [37] leadto the assumption
thateachORN seemgo carryoneandonly onecharacteristi©ORP Sothesenseof smell
seemsto be codedby a patternsystemusing an alphabetof about1000 glomeruli. It
shouldbe mentionedthat a single odorantcan activate several differenttypesof ORN
andthuscreatesa speci ¢ pattern,but the same,single ORNs canrespondto different

odorantd9].

This kind of coding enablesthe senseof smellto detectmore odorantsthanthere
are ORPs, becausendorantscan be identi ed by a patternof activated, ORP-speci c
glomeruli. Evenif extensie partsof the Olfactory Epitheliumbecomedamagedthere-
mainingneuronswill still beableto activatetheir correspondingllomeruli. Similarly it is
possibleto amplify even smallestamountsof inhaledmoleculesat the glomeruluslevel.

This meanghatthe sensef smellis assensitve asit is robust.

Signalsfrom theolfactorybulb aretransmittedbothinto the neocorte, in which con-
sciousprocesses$ake place,andinto the limbic system which initiatesemotions. This
mightbe onereasorwhy smellsnot only supplyactualinformation,but alsoleadto emo-

tional andrathersubconsciouseactiong4].

2.3 SignalProcessingn the Olfactory Cortex

It mightbe assumedhathighercortical areaseasilydecodancomingactivation patterns
from the glomerulito decidewhich neuronshave red. However, the mechanisnwithin
theglomeruliis not clear[9]. It is neitherknown how mary differenttypesof ORN lead
into the sameglomerulusandwhatthe ORP-speci ccodinglooks like exactly, noris it

known how glomeruliprojectthe processedhputinto highercorticalareas.

Not only externalsensoryinput (evoked by odorantsyeacheshebulb, thereareneu-

ronsconnectinghebulb with higherlevelsof thebrain. It is unknavn whattheinteraction
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Figure 2.5: Henning'sodor prism Triangularprismproposedy Henningasanolfactorymodel.
The primary odorsarelocatedat the corners. Otherodorscanbe mixturesof the primariesand
thushave coordinatesnsidetheprismor onits surface.

betweerhighercortical signalsandthe sensoryinput lookslik e, neitherhow the inputis

in uenced by cortical areasnor how the incomingsignalsin uence the cortical percep-
tion of thesmell[1].

In fact,smellscanbeastrongreminderof childhoodmemoriesgvoke emotiongpos-
itive aswell as negative) and help us avoid spoiledfood. Most peopleeven connect
olfactoryperceptionwith picturesor situationsthereforeall judgement®f asmellmight
bein uencedby subjectvefactordik e personakxperienceandculturalbackgroundThe

sensef smellseemso bebasedn a highly time dependentomplec feedbacksystem.

2.4 Approachedor Mapping the Odor Space

Fromantiquetimes,philosopherfiave searchedor a physicalcontinuumto measureand
label sensation®f smell. Aristotle (384 BC - 322BC) tried to describeandclassifyol-
factorysensatiorusingthe sameschemehe usedfor taste exceptfor anolfactoryquality
he calledfetid. But Aristotle felt tastewasto putin ordermuchbetterthansmellseems
to be[10], [36].
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Later, in the and century scientistdried to groupodorsinto differentclasses,
justasanimalandplantspeciesareclassi ed. Linnaeug(1752)groupedodorsinto seven
classesaromatic,fragrant,ambiosial, alliaceous hircine, repulsiveandnauseousA re-

ned versionof this classi cationby Zwaardemar (1895)remainedacceptedintil well
into the century Theseearly modelswerebasedon personakxperienceratherthan

on experimentadata[10].

Henning[21] tried to de ne primaryodorsexperimentally He proposed prismwith
six cornersJabeledasputrid, fragrant, spicy resinousandetheeal (seeFigure2.5). So
eachodorwould occuypy acertainpositionin the prism,correspondingdo its resemblance
to the primary odors. For examplethe odor thymewould probablybe locatedbetween
fragrant andspicy. However, experimentalsubjectsgproducedgreatvariationsin where
on the prism differentodorsare placed,so Hennings theoryeventuallyfell out of favor

[36].

In 1968 Woskow [56] appliedan early multidimensionalscaling(MDS) methodto
psychophysicaflata,assuminghathis dataweremetric. He directly derived similarities
from amatrix of odorants.Themethodyieldedathree-dimensionadpacebput this
surprisinglysmalldimensioncouldbe causedy his smallsetof odorants.
Schifman[46] reanalyzedVoskows datausinga nonmetricMDS, sincethereis noa pri-
ori reasono assumehatthe dataaremetric. Shefoundthatno singlephysicochemical

parametecouldbe usedindividually to predictodorquality.

In Addition to thesephysicochemicainaps,severalempiricalapproachetave been
widely usedby the perfumeindustry In all casesfwo- or three-dimensionadpacesare
proposed However, the scienti ¢ basisleadingto theserepresentationsemainsunclear
It mightbe supposedhatin mostcaseshesemodelsareempiricalcateyorizationsrather

thanscienti cally validatedolfactorymaps.

But even today scientistsmust choosetheir stimuli basedlargely on their personal

experience.Thereis no guaranteg¢hat the chosenstimuli areableto spanthe “olf actory
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Figure 2.6: Part of Chee-Ruiter's odor graph. The directedgraphconsistsof connectionde-
tweenoneodor A andits nearesneighborB given by | (A,B). The completeodor graphcanbe
seenin FigureB.1.

perceptionspace”appropriately For thesepurposesan adequatenodelis neededhat
would for exampleallow oneto determine~vhetheror notanodorC is betweertwo other
odorsA andB.

2.4.1 A newApproachby Chee-Ruiter

In thelastdecadeshe understanding@f the rst level signalprocessingn thenosemade
sucharapidprogressthatit lookedlik e neurophysiologicahndmolecularbiologicalre-
sultswill leadto a completeunderstandingf the senseof smell. But still, therearea lot
of thingswe still do not know. Unfortunately almostall existing approachefocusedon

theunderstandingf relationshipsetweerodorantcharacteristicandodorquality.

In 2000 Christine Chee-Ruitethen cameup with a completelynew idea. Shepro-
poseda methodto extractinformationaboutodorsfrom a hugepsychophysicatlatabase
aboutodor quality of almost900 chemicals.So for the rst time a modelcould be de-

rivedthattriesto expresghesensef smellattheperceptualevel, notatthesensoryevel.
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Chee-Ruitef12] hasproposedan odor map constructedusing a directedgraph of
odors,whereeachodor A is connectedo its nearesheighborB with respecto thefol-

lowing similarity measure:

| is saidto be anapproximatiorno the cross-entrop informationmeasure A small part
of this graphcanbe seenin Figure2.6,in the Appendix,FigureB.1, the completegraph

is shawvn.

Theconstructiorof agraphlik e this allowed Chee-Ruiteto visualize rst-le vel struc-
turesin odor quality space.Furthermore somecontiguousregionsareindicatedon the
map, suggestinghat thereis a relationshipbetweenatomic elementsand odor quality.
This hypothesiswill be discussedn Chapter6 in comparisonto the resultsof our ap-

proach.

In any casepneproblemof interpretingodorspaceasagraphis thesubjectve spatial
orientationof theresultingmap. Thatis, structuraldecisionsn laying outthe graphmay
be basedon subjectve expectations.We canillustratethis using Figure 2.6. The odors
cognac,melonandrum arelocatedin thetop-centeregion. Assumingonemightdecide
cognacandrum shouldbe closertogetheywithout melonbetweerthem,meloncouldbe
movedcloseto fruity, without changinghe graphasawhole. Now it shouldbeclearthat

agraphhastoo mary degreesof freedomto sene asareliablemap.



CHAPTER 3

Quality and Comparison of Experimental Data

In this chapterwe wantto discusshow to extractodor perceptioninformationfrom ex-
perimentaldata. The topic of this chapters thustwofold. First, we have to talk about
psychophysicaéxperiments;then, we will addresghe comparisonof experimentalre-

sults.

Modern psychophysicss devoted to quantifying the relationshipbetweena given
stimulusandthe triggeredsensationusuallyfor the purposeof describingthe processes

underlyingperceptior{36].

Theserelationshipsare documentedising so-calledobservationvectos (or featuie
vectos). Think of anexperimenttestingtheodorquality valuesof odorantsLet beone
of the stimuli, say -Toluenethiol. This odorantis often usedto give cannedsoupsthe
typical aromaof meat.Evenin low concentrationst smellsvery intenseandunpleasant,
with a slightly sulfurousnuance.The subjectsnow have to smellthis substancemong
othersubstanceseveraltimesandhave to judgethe odor quality. Thisis doneby II-
ing out a datasheetfor eachstimulus. The sheetconsistsof a setof odor descriptors,
e.g. fruity; the descriptoramatchingthe subjects perceptionare marked. The classical
psychophysicaapproachaveragedheresultsandextractsfeaturevectorsusinga certain
threshold. If unpleasanis descriptor for example,thenthe -th entry of obsenation

vector  would presumablypesetto one(if -Toluenethiolis beingpro led).
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3.1 Distancesand Similarities

An obsenationvector  thatis gainedin suchanexperimentquanti es the perceptve
reactiongo a stimulus , oftenin binary quantization.We areusuallytrying to put two

givenobsenationvectors and  with

(1.1)

in onecontect. Thismeanghatwe arecomparingwo obsenationswith eachoneanother

to obtaininformationabouthow they relate,how similar or dissimilarthey are. Themain

problemin measuringsimilarity is to devise an appropriatadistancefunction

that yields intuitively satisfyingresultsfor the dissimilarities(the distancespf and
. Thatis, the dissimilarity measureshouldyield a high numberwhenthe two obser

vationsdiffer in a high numberof featureparametersanda lower numberotherwise.

Corversely we would expecta similarity measuréo producealow valuefor a highnum-

berof equalfeatures.

The term distanceis often usedto describepreciselythe differencesof actualmea-
surementswhile “dissimilarity” might be an estimationof a distancewe arenot ableto
measureghysically But distancecanbeinterpretedasa dissimilarityaswell. Basically

distanceandsimilarity arereciprocalconcepts.

To interpretdissimilaritiesin a geometricalsense,e.g. to derive a map out of an
existing dissimilarity matrix, it is reasonabléo interpretdissimilaritiesasdistancesn a
metric space.This enableaus to measuralistancedetweentwo obsenationslike on a
city map. On the otherhand, especiallywhen dealingwith highly complec objects, it
is not alwayspossibleto expresssimilaritieswith a mathematicallystringentmetric. To

clarify this practicalproblem,we will now give ade nition of amathematicametric.

De nition 3.1.1 Metric. Let be a distancefunctionthat de nesthe dis-

tanceof an observation andan observation . If this distancefunctionful lls the
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following conditionsiit is calleda metric.

(positivede niteness)(1.2)
(symmetry) (1.3)

(triangleinequality) (1.4)

De nition 3.1.2 Semi-Metricand AsymmetricMetric

A semi-metricdoesnotful Il thetriangle inequality but is positivede nite and symmet
ric, i.e. it ful lls the conditions(1.2)and(1.3) of a metric.
An asymmetricmetric is positivede nite and ful lls the triangle inequality but is not

symmetricj.e. it ful lls only the conditions(1.2) and (1.4) of a metric.

It shouldbe mentionedthatsemi-metricsaswell asasymmetrianetricsarenot suit-
ablefor interpretatiorasdescribinga geometricakpace.Undera semi-metricthe direct
connectiorbetweertwo pointsdoesnot have to bethe shortespath,andunderanasym-
metric metric, the route from one point to anothermight be shorteror longerthanthe
routeback.Neverthelesssemi-andasymmetrianetricsmight bemoresuitablethanpure
metricsfor describingdissimilaritiesbecausehey arelessrestrictedand,a priori, anex-
perimentafeaturespacedoesnot necessariljhave to satisfythe conditionsfor a metric.
Onthecontrary similarity hasbeenshowvn in severalexperimentgo bevery asymmetric.
For example,subjectssaid that the number99 wasvery similar to the number100, but
balkedatdescribinglOOasvery similarto 99 [39].

An importantquanti er for anobsenationvectorin the context of differentmetricsis

its stufng, solet usde ne thistermin thefollowing.

Thestuf ng of anobsenationvector isthenumberof componentshatdiffer from

zero.For binaryvectors this canbe expressedsa sumover all components:
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De nition 3.1.3 Stufng of observationvectors.

(1.5)

3.2 Typical Dissimilarity Measures

Therearemary differentmetricsfor expressinghe distancebetweertwo objects.There-
fore, theimportanceof choosinga suitablemetric shouldbe emphasizecgain. This is
essentiafor a meaningfuldescriptionof a dataspace. It shouldbe clearthat a wrong
descriptionof factsleadsto wrong resultsandcannotbe compensatea later steps.We

have to admitthoughthatit is notvery easyto prove “correctness’in this context.

A reasonabl@pproachs to testthe mostcommonlyusedmetricsandevaluatethem
for speci ¢ data. Basedon theseresults,onecandevelop one's own (speciallyadapted)
measureto obtaina measurehatis asintuitively satisfyingaspossible. Consequently
we will startby describingsomecommonmetrics,andafterwardsa shortderivation of

our new dissimilaritymeasurewill begiven.

The rst metricto bede nedis theso-calledVlinkowski Metric. It is thegenerakcase
of a setof typical andfamiliar metrics. The basicstructureof thesemetricsis de ned as

follows:

De nition 3.2.1 Minkowski Metric.

(2.1)

As a specialcaseof the Minkowski Metric with , the city-block (or Manhattan)

distance betweertiwo obsenations and isde ned asfollows:
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De nition 3.2.2 City-Block Distance.

(2.2)

TheManhattarmetricis calledHamming Distanceif the obsenationvectorsarebinary.
In fact, this distancecountsthe numberof differencesetweentwo binary strings. This

meanghatthe HammingDistance is de ned asfollows:

(2.3)

The Minkowski Metric with , calledthe Euclideandistance betweentwo

obserations and ,isde nedasfollows:

De nition 3.2.3 EuclideanDistance.

/ (2.4)

Distanceof awholematrix canbeef ciently calculatedusinganexpandedormula

o

The Tanimotocoefcient is anintuitive similarity measureasit is “normalized”to

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

agree.

De nition 3.2.4 TanimotoSimilarity Measure.

(2.6)

De nition 3.2.5 Cross-entropyinf ormation Measure.

2.7)
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| is an approximationto the cross-entrop information measurg12] and was usedin

Chee-Ruitess mappingapproachasan estimationof odordissimilarities.Equation(2.7)
is de ned herefor discretefeaturevectors. This measuras a similarity measureon the
intenal . The correspondinglissimilarity measure is asemi-metricaccording

to De nitions 3.1.1and3.1.2.

We have alreadydiscussedheimportanceof a mathematicametricfor thegeometri-
cal interpretatiorof a setof points.If onecannotuseametricbecausé doesnotcapture
therelevantcharacteristic¢or a usablemetricis still unknown), onewill try to formulate

adissimilaritymeasurehatis assimilarto a metricaspossible.

3.3 Quality of Odor Dissimilarity Data

Now thatwe know somary metrics,we shouldtake a closerlook atthe datawe actually
wantto analyze.In avoidanceof misconceptionsisingthe essentiatermsusedin odor

perceptionanexactde nition rst hasto begivenfor them.

De nition 3.3.1 Odorantand Odor
AnOdorantis a chemicalsubstance¢hatevokestheperceptionof a smell. Smellsensation
is usually describedusing certain words that classifythe perception. Thesewords are

calledOdor Descriptors(or just Odors.

In otherwords,anodorantis a chemicaltthatsmells,e.g.roseoil. Roseoil is anethe-
realoil thatit evokesa characteristismell. Odorsareusedto describethis smell. Thus,

the odorsevokedby roseoil maybe,for example, oral, pleasantintenseandrose.

Assumingwe know a distancebetweenall disjoint pairsof odors,theseodorswould

spana certainspace.This spacds de ned asfollows:

De nition 3.3.2 Odor Space

TheOdor Spaceconsistof all Odor Descriptosthat are usedto describeOdorants. The
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position of Odor Descriptos in this spaceis determinedby their relationshipsto eath

other

Thedimensionalityandthe metricof this spaceor anything elseaboutthe structureof

this spacds unknown.

Toillustratewhatatypical datasetookslik e, let usexamineatiny databaseonsisting
of only threeodorants:hexyl butyrate, methyl-2-methyllntyrateand 6-amyl- -pyrone.
And furthermorelet us assumethesechemicalsare characterizede.g. by an objective

psychophysicaéxperiment)by thefollowing pro les:

hexyl butyrate sweet-fruity — pineapple
methyl-2-methyllityrate fruity — sweet-apple
6-amyl- -pyrone coconut- nutty — sweet

Thesepro les areusuallycollectedin a databasevhereevery ” X” marksthe evocation
of anodorby the correspondingdorant.For example,chemical smellssweetbut not

fruity.

odorant fruity pineapple sweet apple coconut nutty

hexyl butyrate
methyl-2-methyllotyrate

6-amyl- -pyrone

The samecanbe expressednoremathematicallyresultingin amatrix ~ de ned asfol-

lows:
odordescriptors

containingin eachrow the odor pro le (or the featurevector)of odorant . Each

column storesinformationon whetheranodorant evokesodor or not. Basedon
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C, anew matrix O canbegeneratedby simply transposingnatrix C:

Now eachrow carriesinformationaboutodordescriptor . Chee-Ruitefl12] proposed
thisideato extractinformationaboutodors.It shouldbe mentionedhatthis datais rela-
tively independentf thechemicals Of courseherethedataresultsfrom severalodorants,

but matrix O couldbeenhancedby new — but notonly chemical- characteristics.

Thereareseveraldatabasesontainingdataon odorantperception Most of themcon-
sistof chemicalpro les similar to our smallexample. Usually, the pro le of a chemical
is derived by an expert or a group of subjects,who cateyorize their perceptionof this
odorantusinga given setof odors. Theseodorscanbe interpretedasperceptve labels.
Somevariationson our examplearepossible e.g. scaledvaluescanbe usedto describe

theintensityof anodor  onacertaininterval (e.g. ):

Odorant

Other databasesise only binary information (“An odorant led to the perceptionof

odors and .):

Odorant

Of course,a non-discretadatabase&an be corvertedinto a discreteone by the useof a

simplethreshold.In thegivenexample applyingathresholdof totheupper
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matrix would resultthe lower matrix.

We useda datasebasedon the Aldrich Flavor and FragrancesCatalog [2], which
includesdescription®f 851 chemicalausing278odordescriptorsmainly collectedfrom
the primary sourced43] and[19]. This datasehasalreadybeenusedfor a rst mapping
approachby Chee-Ruite12], asdescribedalreadyin Section2.4. Althoughthereare
otherdatabasesontainingcomparablelata,e.g. Dravniekq17], we will usetheAldrich
databasén thefollowing asthe sourceof informationfor our mappingof the odor space.
The comparatre evaluationof mapsderivedfrom differentsourceswill notbediscussed
in thisthesis.Insteadwe will focusontheintroductionof aninfrastructureor analyzing

olfactoryperceptiordatabases general.

3.3.1 Arethesedatabasedrustworthy?

First of all it shouldbe clearthatit is impossibleto setup an objectivepsychophysical
experimentaslong aswe are not ableto measureesultsphysically Thus,we canonly
estimatehequality of thesesetshecauseve do notevenknow the correctsimilarity value
for asinglepair of odors.And we have to expecta high vagueness the correctnesand
in thecompletenesef thesepro les aswell asa high variance pecausevery subjectex-
perienceodorantdifferently. Finally, we cannotbe evensurethatodorsthatarechosen

aresuitable.They arejustwordsusedto describesensationgvoked by odorants.

Ontheotherhand,it canbe expectedthata chemicalthatis commonlycharacterized
as “nutty” , for example,will not be describedas smellinglike “apple”, neitherby a
laypersonnor by an expert. And only because laypersonis not aswell educatedor
describinghis smellsensationit doesnot meanthathis/hernoseis notableto detect ne

nuancesn adiscriminationexperiment.

Dravnieks[16] wasableto shawv thatthe informationcornveyed by odor descriptors
is stable. However, theremight be a certaindistortion,makingthe odorsmore densen

familiarareaslik e for examplethedescriptiorof fruity odorants Especiallytheseodors—
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includinghedonicvaluedik e “pleasant” and“unpleasant” — areoftensaidto be cultural
or subjectve in a certainway, for example,“gr een” is a typical odor that peoplemight

interpretambiguously

Thequestionariseshow a potentialmapis in uenced by theseproblems.Certainlya
map cannotbecomebetterthanthe datait relieson. But we wantto introducea depend-
ableinfrastructureto extractasmuchinformationaspossibleout of the databasesThis

would meanthat,givengooddata,we will beableto produceagoodmap.

Actually, it is not possibleto gain accesg€o humanassociatiorwithout the use of
language.Wise et al.[54] tried to avoid the useof language put experimentslik e this
cannothelpin nding auniquesetof odors,they arejusthelpfulin measuringimilarities
betweerodorantgchemicalsyirectly. Thisthesiswill assumehatthe setof odors(here
Chee-Ruites databas¢12]) is completein termsof the knowledgeacquiredsofar. The

questionof how to de ne correctnes$or a setof odorshasto be partof futurework.

3.4 Estimating dissimilarities in the Odor Space

It would beintuitive to interpretthe odorspaceasann-HypercubgseeA.2) andto com-
parethevectorsusingtheir distancen the Hypercubeusingthe alreadymentionedHam-

ming Distance (seeDe nition 3.2):

But especiallywhencomparingodors,the uctuation of theobsenrationvectorsstuff-
ing (the numberof onesset)is very high. Thisis becaussomeodordescriptorsarevery
striking or commonlik e “fruity” or “sweet”, while otherodordescriptorslescribemore
specialcharacteristicef anodorlike “apple”. Therefore theseodorshave very sparse

obsenationvectors.
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Figure 3.1: Stuf ng of the obsewation vectors. The Stufng describeshe numberof onesin a
single851-dimensionavector Eachobserationvector  correspond$o a odordescriptor The
moreonesareset,the moreodorantsareevoking the correspondingdor. Signi cant differences
betweersomeodorscanbeseen.
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In Figure 3.1, the signi cant differenceshetweencommonand specialodorscanbe
seen. The averageodor can be evoked by abouteight odorants,but someare evoked
by several hundreds. This problemwill be discussedn slightly more detail usingthe
following example:Four obsenations aregiven,i.e. featurevectorsfor each

odor . They arebasedon chemicals with

if odorant evokesodor ,
(4.1)
else

Let usassumehefollowing obsenationvectorshave beenobtained:

(4.2)

According to equation(4.1) the vectorsare de ned like this:  , for example,is the
obsenation or featurevectorfor theodor (e.g. "apple”). Accordingto , canbe
evokedby odorants and , because . Thisleadsto thefollowing

setof Hammingdistances

If we usetheHammingdistancepbsenations and arede nedasrelatively distant
—adifferenceof  bits out of a maximaldistance of all bits. In fact,they differ
in over half of all variables(bits), sothey arealmostnot comparable However, thereis

still animportantrelationshipbetweenthe two obsenations. If we compare and
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we noticethateachchemicalthatevokedodor evokedodor aswell, in otherwords:

The probability of given  hasthe highestpossiblevalue. And we would expect
this propertyto bere ectedin asmalldistancevalue,for example,thoughnot everything
smellslike “apple” justbecausd smells“fruity” , everyonewould expect“apple” tolie

closeto “fruity” .

Now let us have a look at the cross-entrop information measurd (seeDe nition

3.2.5),which hasalreadybeenappliedin odormappingandis de ned asfollows:

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

entropy distances:

Note thatl is a similarity measurenot a distancemeasurdik e the Hammingdistance.
This meansthathere, and aremoresimilar than,for example, and . But
again,this doesnot re ect our expectationsvery well. hassucha hugedistanceto

justbecausaet is very sparsecomparedo . In contrast, and havethesame

numberof ones,sothe commonbits aredominatingthe dissimilarity.

Intuitively, we would expect and  to beratedasthe mostsimilar pairin this

example.Ontheotherhand, shouldbecloseto  too. At least, shouldbemore
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similarto  than . Butthe main problemis the the hugenumberof chemicalsthat
evoke  andhavenothingto dowith theveryrareodor . Themeasurehouldcompare
mainly thoseareaswherethe lessstuffed vectoris set. In otherwords,if anobsenation

hasa very high stufng andanotherone( ) is very sparsewe areinterestedn the
subsethat  spans.In the following table,this subsetof  is marked andcompared

againstthe otherobsenationvectors.

This subseteadsto theintuitive dissimilarity order

For binary obsenation vectorsthis relationshipcan be expresseceasily with an asym-
metric dissimilarity function . This functionwill be usedto de ne a nev

similarity distancefor this kind of data.

3.4.1 SubdimensionalDistance

In this sectionwe wantto designa distancethatis optimalin termsof the criteriadis-
cussedn the previous section. To startwith we canexpressthe differencesetweena
discreteobsenationvector andagivenobsenationvector  usingafunction
de nedas

(4.3)

Referringbackto de nition (1.5),it shouldoementionedhat
. This asymmetriadissimilarity canbe usedto derive a symmetricsubdimensional

dissimilarity function

(4.4)
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andthe correspondingymmetrichigh-dimensionatlissimilarity function
(4.5)

Thesefunctionsbasicallyexpressthe sameinformationas does,but  describes
the relationshipbetweentwo obsenationsfrom the point of view of lower-dimensional
vector i.e. the obsenation having the lower bit stufng, while describeghe differ-
encerelative to the higherdimensionalector

Finally, we recombinghelow- andhigh-dimensionatlissimilarityto obtainasemi-metric

distanceestimate de ned as

(4.6)

wheremaxlengthand minlengthdescribethe maximaland minimal “stuf ng”, respec-

tively:

Becauseof the strongweight we give to the low-dimensionainformation, we call this
distanceestimateéSubdimensionalDistance

Assuming , thesemi-metric canbeexpressedxplicitly asfollows:

4.7)

With acloselook attheexplicit formulain equation(4.7)it canbeseerhow isrelatedto
Chee-Ruites cross-entrop information[12]. Namely the fractionsdescribea weighted

variantof the cross-entrop with a strongfocuson thelower-dimensionalnformation.



3.4 Estimating dissimilarities in the Odor Space 33

Table 3.1: Different Dissimilarity Distances.To make thedistancesomparable, is normal-
izedby its maximum( ) andl is inverted,becausdt is a normalizedsimilarity measure.

This dissimilarity measureappliedto the examplein equation(4.2) leadsto:

We now wantto comparehe new dissimilarity estimateto the basicmetricsthatwere
introducedbefore.Table3.1 summarizeshe dissimilaritiesbetweerthe examplevectors
de ned in equation(4.2) accordingto the presenteaneasuresTo make the valuescom-
parable the distances and werenormalizedby the maximal possibledistanceon
vectorsof thislength( and , respectiely). For the samereasonthe similarity mea-
sures and wereinvertedto obtainthe correspondinglissimilarity measures

and

Comparedo the Euclideandistance andtheHammingdistance , thesubdimen-
sionaldistance givesbetterresults.Smallobserationslike  shouldbecloseto
since includes completely TheHammingaswell asthe Euclideandistancearenot
ableto describethis. The Tanimotosimilarity andthe Cross-entrop informationmea-
sure have similar characteristicsthey areboth dominatedoy unweightedorobabilities.

Thussparsevectorsaregenerallydiscriminatedcomparedo highly stuffed vectors.The
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Figure 3.2: SubdimensionalDistanceMatrix for Aldrich database.In this matrix, thedissim-
ilarities of all odorswith eachotherare diagrammed.They were derived usingthe subdi-
mensionabistancemeasure . The851odorantsaarenotenoughto estimatehe approx.
dissimilarities.

probability of anoverlapwith anotherobsenationis, of course higherthe morebits are
set. Table3.1showvsthat Tanimotoaswell asCross-entropquanti es  aslying closer

to thanto

Noneof the classicalmeasuress ableto presere all the expectedrelationshipsoe-
tweenour examplevectors.Thusthe subdimensionatlistancas the mostsatisfyingdis-
similarity measureln thefollowing chaptersywewill analyzedissimilaritymatricesbased

onthesubdimensionalistance .

In Figure3.2,adiagramof the symmetricdissimilarity matrix, which is basedon the
obsenation vectorsfrom the Aldrich databaseis shavn. The prominentodorantshave
relationshipswith a lot of elementswhereasfor the sparseelementswe can estimate

dissimilaritiesdifferentfrom oneonly for someodors.Thereforejt shouldbe mentioned
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that, unfortunately a hugenumberof entrieshasgot the maximalvalue of one. This
is becausea lot of odorscannotbe relatedto eachother We have only 851 odorants
to estimateabout dissimilarities. Theremight be unknavn odorantsthat would

modelthe similarity betweertwo odorsbetter

To our knowledge,the subdimensionatlistancemeasure expressesntuitively sat-
isfying relationshipshetweenodors. But, of course,it canjust representin estimateof
odordistance We hopethatour mapsmightincreaseheunderstandingf theexistingre-
lationshipshetweerndors.The question“How to measuredordistances?is still oneof
theessentiatjuestionsn analyzingodorperceptionthis problemshouldnotbeneglected

in futurework.
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Multidimensional Scaling

Givenasetof arbitrarypointsin a -dimensionalEuclideanspacei|t is very easyto

constructa symmetric matrix containingall distancedetweerall points.Sucha

matrix is calleda distancematrix . Thesedistancesanbe calculatedusinga metrice.g.
the Euclideanmetric. An exampleis givenin Figure4.2 with its correspondinglistance
matrix shovn in Table4.1. For moredetailedinformationaboutmetrics,pleasereferto

Chapter3.

Theinvertedproblemis muchharderto solve. Givenonly adistancematrix, it is hard
to reconstructhe correspondingpoints. First of all, not eventhe correctdimensionality
canbederiveddirectly outof thedistancanformation.No matterwhatdimensionalitythe
original pointshave, distancesirescalarvalues.Further it is dif cult to getacorrectcon-

guration for all points,preservinghe correspondinglistancesTheintuitive approacho

reconstructinghe pointswould beto startwith two pointslocatedat the correctdistance.
Then,athird point canbe added(asshovn in gure 4.1) andsoon. The problemis to

nd thepositionfor eachpointwherethe distancego all the otherpointsarecorrect.Ad-
justingthedistancebetweertwo pointswill affectthedistancego all remainingpointsas
well. It shouldbe mentionedhatof coursethe orientationof the setof pointscannotbe

reconstructedThis is becaus@nly internalrelationshipsarestoredin a distancematrix,

not global orientationinformation.

MultidimensionalScaling(MDS) is an approachthat leadsto a numericalsolution
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Figure 4.1: Reconstructing points from a distancematrix. Eachdistancespeci esmary pos-
sible positions,but thereare only certaindegreesof freedomin a -dimensional(here )
projection.Notethatpoint  hastwo possiblepositions.Thedistance®f atleast points
areneededo plota -dimensionamapuniquely

for the problemdescribed As a branchof multivariatedataanalysisit offers modelsfor
representingnultidimensionaldatasetsin a lower-dimensionalEuclideanspace. This
techniqueidenti es importantdimensionsof the datasetfrom similarity or dissimilar
ity informationaboutthe given obsenations. Thesedistanceslo not have to be metric,
becauseVIDS simply “stretches”the similaritiesto geometricakelationshipgdistances
betweerthe obsenations). In the next sectionwe will describehow MDS is doing this
“stretching”. MDS is a commonmethodfor dimensionalreductionand the graphical
representatioof multidimensionaldata. Furthermordt canbe usedto estimatethe di-

mensionalityof a datasef42].

4.1 Mathematical Model

The basicideabehindMDS, asproposedy Kruskal [32], is similar to the intuitive ap-
proachillustratedin Figure4.1. Thefundamentaproblemis nding apositionfor a point

whereits distanceerror to all other pointsis minimal. In general,MDS startswith
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a randomizedor normalizedcon guration for the  points . Repeatedlyall
pointsare pinneddown one after the otherandthe distancego all the otherpointsare
corrected. The scalingis nished after a given numberof iterationsor aftera minimal
con guration hasbeenreached.This happensf the distancesannotbe correctedary
further

Assumeadissimilaritymatrix is givenwith:

where representghedissimilaritybetweertwo obsenations and . Furthermore,
assumethat thereis a representatiorin a -dimensionalspace,then thereexist corre-

spondingpoints ona -dimensionamap,whereeach correspond$o anobsenation

Now, adistancematrix canbederivedfrom thesepointssothat canbede nedas

with, for example,a Euclideandistancemetric

We want to achieze as small an error as possiblebetweenthe dissimilaritiesand our

estimateddistances.We arethuslooking for a function that mapsthe dissimilaritiesto
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distancestoughly speaking

Kruskal[32] formulateda so-calledstressfunctionas

/

Theterm“stress”shouldbe interpretedasthe strainof a springwhoseendis joined

to the dissimilarity measure.The distanceapproximationpulls on the otherend of the
spring. The stressis high if the displacemenbf the distanceapproximationto the dis-
similarity measuras large. The maindifferencebetweerthe severalversionsof MDS in

existenceis the useof differentscalingfactorsof the stresfunction[48].

4.1.1 An Example of Multidimensional Scaling

Toillustratetheapplicationof MDS asimpleexample—basednthesketchshovnin Fig-
ure 4.2 —wasscaledusingMDS. The dissimilarity matrix is shavn in Table4.1. These
dissimilaritiesare just the distancebetweenthe points, measuredoughly usinga com-
monruler. Althoughthey werederived usinga metric, thesedissimilaritieswill contain
certainerrors.Eventhoughthis matrix describe®nly ninepoints,it is alreadydif cult to
imaginethe correspondingnapwithout knowing the original. The mapthatresultsfrom
MDS (Figure 4.3) is almostidenticalto the sketch, apartfrom the fact that the mapis
turnedby a certainanglecomparedo the original. But this is not surprising— we cannot
expectto achieve the sameorientationusing MDS, dueto the fact that no information

aboutorientationis storedin a distancematrix.

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 mapis called “perfect” if the order of the dissimilaritiesis presered in
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Ky

Figure 4.2: Sketch of somepoints. Nine pointsaredravn on a pieceof paperasanexampleset
in a -dimensionaEuclideanspace(here, ). Thepointsarenumbered to . Table4.1
shaws the correspondinglistancematrix. The distancesveremeasuredery roughlyusingjusta
simpleruler.

Table 4.1: Dissimilarity Matrix for TestPoints. Theelementsn this distancematrix arevalues
measuredby hand(Euclideandistance)pnthe sketchshavn in Figure4.2. Themeasurementsre
in
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the correspondinglistancevalues thatis, the valuesin the scatterdiagramhave to grow
monotonouslyfrom left to right. Minimal “stress”would leadto a perfectlystraightline
onthescattemplot. Thescatterplot for our examplecanbe seenn Figure4.3. Of course,

usuallyMDS resultsarenot socloseto a straightline.

4.2 Estimating Dimensionality

As mentionedbefore a distancematrix providesno informationaboutthedimensionality
of the underlyingdata,becausef its scalarentries. Thus, it is a dif cult taskto decide
how mary dimensionsviDS needdor aappropriateapproximatiorof theoriginaldata.A

trade-of hasto befoundbetweerngoodnes®f t, interpretabilityandparsimoly of data
representationlt is hardto say how low “stress”valuesshouldbe. Eachdimensionhas
its correspondingstress”value.On aplot of thesevaluesagainstheir dimensionve can
hopefor asharpbendthatindicatesa tting dimension.Unfortunatelythisis unlikely to

happenunlesswe have clearlyde ned attributesassociateavith thedimensiong55].

However, for mostproblemst is avery interestingquestionwhatdimensionalitywill
be bestfor a multidimensionalscaledprojection. Especiallyif we have a datasetike
olfactorydissimilarity data,wherewe do not know anything aboutthe underlyingcom-
plexity, thisdimensionalitycouldgive aclueasto how mary independenfeatureformed
the data. In fact, a correctdimensionalityestimationof the odor spacemight helpusto

understanéndto interpretthe perceptiorof smells.

But rst, we have to statesomegenerakhingsaboutthe dimensionalityof MDS pro-
jections. Assumewe have pointsrepresentetby an dissimilarity matrix. Then,
we wantto estimatethe smallestdimension for which the setcanbe projectedontoa

-dimensionakpace Onastraightline (one-dimensionalXwo pointshave onedegreeof
freedom;sodo threepointson a plane(two-dimensionalseeFigure4.1). To getunam-
biguousresultsin a -dimensionakpaceatleast pointsareneeded Consequently
an dimensionakpacds anupperboundaryfor performingMDS on  points. A

higherdimensionwill notleadto abetterembeddingf thesepointsinto themetricspace,
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Figure 4.3: SampleRun of Multidimensional Scaling MDS calculate€uclideanpointsbased
on the distance(dissimilarity) matrix given by Table4.1. Top: The resultingmapfor the given
dissimilarities.Notethatthemapcanhave adifferentorientationthantheoriginal points. Bottom:
Thescatterdiagramwhich compareghe new (Euclidean)distanceso theinputdissimilarities.
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sinceeachpointthensimply recevesits own dimension.

If theextrinsicdimensionof these pointsshouldin factbehigherthan , thisei-
therindicateghatthereis notenoughinformationor thatthe datasetightbe non-metric
aswell asnot very closerelatedto metric characteristics Of course,we can project
pointsinto a spacewith a dimensionhigherthan , but all dimensiongeyond
will leadto somekind of trivial solution.In otherwords, pointsarejustnotableto span

morethan dimensions.

However, we areinterestedn anestimationof the lower bound.Whatis the smallest
dimensionalitythat representshe dissimilaritieswith acceptablejuality? In this thesis,
we usea simplemethodto estimatethe lower boundroughly Assumingwe have a dis-
similarity matrixdervedfrom -dimensionappoints,thenwe will notbe ableto increase
the quality of a projectionby increasingthe dimensionof the projectionspacebeyond

. Thisis becauseherelationshipdetweerthe pointscanbe capturedoerfectlyin  di-
mensionsThus,thequality of anMDS projectionwill notincreasesigni cantly between
an - andan -dimensionalMDS, oncethe appropriatedimensionality hasbeen

reached Any dimensiorhigherthanthiswill be pointlessfor this dataset.

4.3 Application on Dissimilarity Data

The sameprocessvasappliedto the odor dataset. Startingat a low dimensionwe ob-
sened the projectionquality of the MDS to get a rough estimateof the dimensionat
which we seemto obtainthe bestresults. Anyhow, the problemof the dimensionalityof
odor spaceshouldbe a topic of furtherresearchespeciallywith aneye to the extraction

of independensetsof odors.

To performMDS ondatarelatedto odorperceptionwe used(asdescribedn Chapter
3) adatasebasedn the Aldrich Flavor andFragrance€atalog[2]. To estimatedissim-

ilarities betweendifferentodors,the bestresultswereobtainedusingthe subdimensional
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Figure 4.4: Scatter Plot of two dimensionalMDS on Aldrich database.Dissimilarities are
plottedagainsthecorrespondinglistance after2D MDS. Thediscrepang betweerdissimilar
ities andthe estimatedlistancess olbvious.

distance (seeSection3.4.1). Again, it shouldbe mentionedthat“best” in the context

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

satisfyingresultsfor the dissimilaritiesof two obsenations  and

4.3.1 A First Approachusing2D MDS

In a rst attemptthe odordatawereprojecteddirectly ontoatwo-dimensionaEuclidean
space.The maingoal of this projectwasto derive a mapfor odors;thus,a two- or pos-
sibly three-dimensiongprojectionwould be exactly what we are looking for. On the
otherhand,MDS appliedthe odordatawith atwo-dimensionatargetspaceas notavery
promisingapproachpecauseve expectthe spaceto be high-dimensionabnd possibly
not evenmetric. For thisreasonit is notverylikely thatwe can nd asatisfyingcon gu-

rationin suchalow dimensionaEuclideanspace.

Theresultof thetwo-dimensionaprojectionof the Aldrich databasés shown in Fig-
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arelocatedcenteredaroundtheir coordinatesn the 2D Euclidearspace.
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ure 4.5. Somerelationshipsetweensingle odorsand sometendenciedbetweengroups
may alreadybe apparentput, asexpectedthe neighborhoodelationshipsarevery badly
presered by this very strongdimensionalityreduction. However, we canusethis rst

resultasanillustration of whata mapcouldlook like in the end. We are not looking at

chemicalsanymore,we aremappingodorsontoaplane.

Unfortunatelyif we take alook atthe correspondingcatterdiagramwe will seethat
this rst “map” is in factalmostuselessin Figure4.4,thedistancestesultfrom applying
atwo-dimensionaMDS, areplottedagainstheinitial dissimilarities.We never expected
to receve asgoodaresultasfor the simpleexamplein Section4.1.1(seeFigure4.3),but
atleasttheorderof thedistanceshouldbesimilarto thatof thedissimilarities.Preserving
the exactorderwould be an almostperfectresult,i.e. we hopeto obtaina monotonously
ascendinggraphin the scatterplot. Smalldissimilaritiesshouldbe transformedo small

distancesandlarge dissimilaritiesto largerdistances.

In this case however, almostno dissimilaritiesarestill in the sameorderasbefore.
As canbeseenn Figure4.4, someof the smallestdissimilaritiesarenow representedy
distanceghat are larger thanthoseassociateavith hugedissimilarities. So one cannot
evenpredict,if two odorslie closetogetherbecausehey arevery similar or just because
the hugedissimilarity betweenthemhasdisappearedin otherwords,projectingthe dis-
similarities directly into two dimensionsvia MDS leadsto a unsatisdctory map of the

odorspace.

4.3.2 Using -dimensionalMDS

To estimatethe dissimilaritiesin a more appropriatewvay, we usedMDS againbut this
time to projectthe odordatabasentohigher -dimensionakpacesTheseresultsarenot
usefulas“maps”, but thereare otherwell-known methodsto performa certaintype of

datamining on high-dimensionatiata. This problemis thetopic of Chapters.

If we take alook at the scattemlot for an eight-dimensionaMDS (Figure 4.6, top),
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we seethatthis projectionis muchbettercomparedo the 2D resultasshowvn in Figure
4.4. In particular higherdissimilaritiesare not projectedonto very small distancesary
more. However, the discrepanciebetweendissimilaritiesanddistancesarestill spread
overalargeintenal. If we comparethe eight-dimensionagplot to the scatterplot of a 16-
dimensionaMDS (shown in Figure4.6,bottom),we canagainseeanincreasen quality.
It seemsasif we arealreadypretty closeto a suitabledimension.Most of the valuesare

moreor lessdistributedarounda straightline.

We performedMIDS on severaldimensiondargerthan16. The 32-dimensionaMDS
seemedo be very closeto the optimal Euclideanrepresentatiomf the odor space. If
we comparethe scatterplot of 32-dimensionaMDS (seeFigure 4.7, top) andthe 16-
dimensionaplot (seeFigure4.6,bottom),a slightimprovementin projectingthe dissim-

ilarities ontodistancesanbeseen.

A 64-dimensionaMDS doesnotimprovetheoverallresultssigni cantly, eventhough
doublingthe dimensionalityof the projectionspaceaffords an extra 32 degreesof free-
dom. So for the odor spacewith its correspondinglistancematrix, a projectiononto
32 dimensionseemgo guaranteg¢hatsmalldissimilaritiesarerepresentetty smalldis-
tancesandlarge dissimilaritiesby large distances.Comparedo the examplein Section
4.1.1,0f coursewe do not obtaina perfectresult,but we shouldnot forgetthat our dis-

similarity estimations basedon a semi-metricandon arelatively smallamountof data.

4.3.3 Missing Data

Finally, the problemof missingdatashouldbeaddressedDataset®ftenhave incomplete
distancematrices,that is, somedistancesare simply unknovn. It might be, that dis-
tanceshetweenwo elementsverenot measurear thatthesemeasurementareinvalid
becaus®f measuremerdrrors.Thesegapscanbe somekind of interpolatedoy skipping
thesevalueswhile performingthe MDS. In otherwords, the missingentriesarisefrom
the estimateof all otherdissimilarities.BecauseViDS works with Euclideanpoints,the

correspondinglistancematrix never hasmissingentries.
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Figure 4.6: Scatter Plots of eight- and 16-dimensionalMDS on the Aldrich database. Top:
Theeight-dimensiondlIDS resultsaresigni cantly bettercomparedo thetwo-dimensionaMDS
scattemplot, but especiallythelarge dissimilaritiesarestill mappedntoawide rangeof distances.
Bottom: 16-dimensionaMDS deliversasigni cant increasen thequality of the projectionagain
comparedo eight-dimensionaViDS.
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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-dimensionaMDS doesnotimprave theresultsfor dissimilarity entriesnot equalto
onebut projectsthe valuesof oneclosertogether
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Figure 4.8: Stressvaluesfor different Dimensions. MDS hasbeenperformedfor several di-
mensionaleductiondetweerB and76 dimensionsThestresdor all distanceslecreaseasymp-
totically with increasingdimensionality For the uncritical dissimilaritiesonly, we do notreacha
betterrelaxationwith morethan32 dimensions.

In the specialcaseof our odor databaseve have not the samebut a similar problem.
Althoughthe  semi-metricevaluatesdissimilaritiesbetweenall obsenation vectors,
meaningthat the dissimilarity matrix hasno gaps,we cannotbe surethat this matrix is
completein the sensethatall of the dataarereliable. If vectorsdo not overlap,we re-
ceive a maximumdissimilarity of one. But this may not re ect the actualdissimilarity
betweenthe odors,sincethereis no guaranteehatthe setof chemicalss complete.As
describedn Chapter3, we gleanednformationaboutodorsusingchemicalperception
pro les asactuallythe only sourceof our datasetThis meansa similarity betweerodors
corresponds$o anevocationby a similar setof odorants.Of courseit might be thatthe
odorant(or evenawhole setof odorants)that expresseshe similarity of two seemingly
unrelatedbdorsis simply notincludedin thedatabasehecausdt hasnotbeenpro led or

evendiscoveredyet.
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In Chapter3, Figure 3.2, almosteighty percentof all distanceshave valuescloseto
one.Thesetof 851chemicalsywhichwereusedwasnotsufcient to Il all of theapprox.
entriesin the matrix. Of course we do not expecta lot of odorantgo turn up to

smell completelydifferentto anything this world hasever smelled,so dissimilarodors
will still bedissimilaraftertheadditionof somemore(sofar unknavn) chemicalsor ary
otherkind of information.But since justmeansomethindik e “they seento have
nothingin commorni. we focusedon the dissimilarities thatarenot equalto one. Apart
from this, we are mostinterestedn similar odorsand on relationshipsbetweenthem.
On the otherhand,we cannotcompletelyignorethe informationcontainedn a valueof
, becausetherwisethe differencedbetweendistinct groupsof odorswill not be

presered— only thedistancesvithin agroupwill betakeninto account.

To solve theseproblems,we modi ed the standardVultidimensionalScalingalgo-
rithm. This new versionnot simply skipscertainvaluesbut skipsthemround-wise.The
critical valuesareignoredin every secondterationof theMDS. Becaus®f that,theother
valueshave beencorrectedvithoutlosingthe distancenformationof theunsecurediata.
This versionof MDS corvemgesagainstthe original MDS as the numberof iterations

tendstowardsin nity .

In Figure 4.8, the stressrelaxationfor several dimensionsetween8 and76 dimen-
sionsis shavn. Two graphscanbe seenthe rst onerepresentshe stressvaluefor all
dissimilarities,the secondone representshe stressof the uncritical values,namelythe
dissimilaritieslowerthanone. As we know, therelaxationof the stresscorvergesagainst
zero, becausdhe sameoutput and input dimensionis a trivial solution. Remarkably
the relaxationof the uncritical stressdoesnot only converge againsta certainvaluefur-
thermoreit seemgo increaseagain.This effect might resultfrom the betterrelaxationof
critical valuesin higherdimensionsHowever, theestimatiorof 32 dimensiongor agood
relaxationof dissimilaritiesthatwe have dervedfrom Figures4.6 and4.7 canbe spotted

by watchingthe stresgrelaxationaswell.
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4.3.4 Accuracy of Results

Two major problemsoccurif MDS is appliedon odor dissimilarities. First, MDS might
reachasanumericaiminimizationmethodalocal minimuminsteadof aglobalminimum.
Therefore severalrunsshouldbe performedwith differentstartingcon gurations[55]. If

MDS still reachesa similar con guration, we canassumehatwe might have reacheca
globalandnotonly alocal minimum.

In addition,we have to dealwith the problemof missingdata,asdiscussedn Section
4.3.3.1t is far from clearwhetherMDS will endwith severaldegreesof freedomor not.
Exceptfor rotation,it is possibleto getambiguouson gurationsthatsolve the mapping

problem.

Hence,we performeda Monte-Carlo-simulatioron our startingcon gurations. For
eachdimensionalitywe run MDS 50 times, eachtime with a startingcon guration that
waschoserby random. To comparethe results,we calculatedhe standarddeviation of

eachinter-pointdistancg distancesandtheir correspondingon denceintenals.

We computed  -con denceintervals (seeDe nition A.1.5) for the standarddevi-
ationsbasedon -dimensionaldata,where . For that purposewe useda
classicalmethodassuminghormally distributeddata. This is justi ed here,becauséhe

empiricalkurtosisturnedoutto berathersmall,lessthanonepercenton average.

Sincewe did this calculationfor all approx.73000nter-point distancesthe results
arenot very easyto represent.The empirical standarddeviations(seeDe nition A.1.3)
for the resultsof a 32-dimensionaMDS have beensortedand downsampled. So, the
remainingdeviations are representinghe overall distribution of the standarddeviation.
Interestingly for mostof thepointswe have a standardleviation of lessthantwo percent.
Theseresultsaremuchbetterthanexpectedgspeciallyreferringto themissingdataprob-

lem.

In Figure4.9 differentdimensionsaarecompared.To aguethata certaindimensional
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Figure 4.9: Comparison of 16D, 32D and 42D MDS resultson Aldrich database. The con-
dence intenvals betweenl6D and 32D MDS areclearly disjunctive. The overlapseenbetween
32D and42D indicates thatwe cannotbe sure,whetherwe obtainbetterresultsor not. Herewe
took 100equallydistributedrepresentatesout of the orderedandcompletesetof approx.73000
interpoint distances.

representations more sufcient than anothey the con denceintenvals of their corre-
spondingdeviationsshouldnot overlap. In conformity with the presumptiorin Section
4.3.2,the 32-dimensionakstimateyields signi cant betterresultscomparedo results
from 16-dimensionaMDS. On the otherhand,if we compare32-dimensionaMDS to

42-dimensionaMDS, we obsene anoverlapof the con denceintervals.

Consideringheseresults,t is reasonabléo assumehatthereis arobustcon guration
for MDS derived from the odor dissimilarity matrix. Beyondthis, thereis evidencethat
a good approximationof the odor space— basedon this data— can be madewith an
Euclideanspaceof approx. 32 dimensions. Thus, a 32-dimensionatepresentatiorof

odorspacewill beusedasa datasourcen the next chapters.



CHAPTER 5

Self Organizing Maps

In the previouschaptersye useda speciaimetric—theso-calledsubdimensionalistance
, asintroducedn Section3.4.1-to estimatealissimilaritiesin psychophysicabdordata.
Then,in Chapter, we useda multidimensionakcalingmethodto projectthe odorspace
modelontoa Euclidearspace Unfortunatelythis spaceseemgo bevery comple, sowe
hadto usean approximately32-dimensionaEuclideanspaceto presere asmary inter-
point relationshipsaspossible.In this chapterthe emphasisill be on the visualization
andanalysisof thepreprocessedata,i.e. the32-dimensionaEuclidearrepresentationf

odordissimilaritydata.

It may be usefulto notethatthe preprocessingpasa muchhigherimpacton the re-
sult thanthe choice of the analysismethod. However, the scopeof this chapteris to
make the datamorereadabléyy projectingasmary relationshipsaspossibleontoa two-

dimensionamap.

Therearetwo generalapproacheso handlingmultidimensionaldatasets. First, we
cansearcHor groupsof elementshathave acloserelationshipgo eachother Suchgroups
arecalledclustes. The searchfor suchgroupsis calledclustering. Clustereddatacan
be usedto examineneighborhoodelationshipsor to searchfor featuresthat might be
characteristidor certainclusters.The secondapproachs to reducethe dimensionalityof
the systemin sucha way that a human-readableap (meaninga two- or at mostthree-

dimensionalmap) is producedfor visualization of the dataset.Basedon sucha map,
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furtherexaminationscanbe performedoy a human.

In Chapterd, the odor spaceseemedo be muchtoo comple to obtaina high quality
representatiom only two dimensionsThus,we haveto nd acombinationof clustering
andvisualizationmethods Neuralnetwork algorithmshave alreadybeenusedfor awide
variety of applicationsfor visualizationproblemsaswell asfor dataanalysis.Kohonen
[29] givesacomprehensietreatmenbf thissubject. Wewill useso-calledself-oilganizing
maps(SOMsor Kohonemmaps)asatool to visualizeandto analyzehe multidimensional

odorspacehatwe have obtainedby MDS in Chapterd.

5.1 Visualization of high-dimensionaldata

An intuitive approachto visualizing high-dimensionablatais to usea “pro le” of the
featurevectors.This pro le might be simply a graphicalrepresentationf the entriesof
the features.The same two prominentdimensiongthe rst two principal components,
for example)canbe usedasa two-dimensionalocationfor the featurevector while the

remainingfeaturesareusedasicon propertiegcolors,shapepolygonsetc.).

Thedravbackof suchmethodss clearlythatthey do not reducethe amountof data.
Analyzing a large datasetwill not becomemuch easierthan examiningthe raw data.
On the otherhand,if relevantfeaturesare known already thesemethodscan be useful
to emphasizesuchcharacteristicsFacesarea classicalexamplefor the useof iconsfor
visualization.Features$ik e eye distancesizeof themouthandskincolorcanbeexpressed
throughafaceiconthatcharacterizeafacemuchmoreintuitively thanavectorcoulddo

[6]. Jain[25] introducessomemoreexampledor the handlingof known features.

5.2 Self-OrganizingMaps (SOMs)

A self-oganizingmap (SOM) is a setof arti cial neurongthatis organizedasa regular

low-dimensionalrid. We usethesemapsto expressa high-dimensionalnput space
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Figure 5.1: Abstract Kohonenmodel. Eachinput vector is connectedo eachgrid
neuron . Soeachinputvector cantransmitsignalsto eachgrid neuron  highly in
parallel.In Kohonens model,thegrid neuron , whichhasaminimaldistancedo |, isactvated
by theinput. The otherneuronsarenot actvatedby theinput.

throughahumanreadablenap . Thus,the SOM,whichrepresentsuchadesiredmap
, Is typically two-dimensional The neuronson the mapsarenot only inter-connected,

they arealsoconnectedvith thewholeinputspace .

In Figure5.1, eachinput vector IS interpretedasan input neuronthatis con-

nectedo all grid neurons.The numberof neurongn the SOM grid mayvary from a few

dozenupto severalthousandA -dimensionalector is associated
with eachneuron , Where istheinputdimension.
In this abstracKohonemmodel,aninput vector is connected

to all neuronsin parallel. When one of theseinput “neurons” res, the input ( at
eachneuron)is comparedwith all grid neurons . Thelocation of bestmatd — that
is, interpretedopographicallythe closesteuronor interpretedheurallythe mostsimilar

neuron— is de ned asthelocationof theresponse.

De nition 5.2.1 BestMatching Unit
Let beaninputvectorand a self-oiganizingmapwith vectos
. TheBestMatching Unit (BMU) is thende nedastheindex

of thevector thatlies closesto theinputvector usinga givenmetric ,l.e
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Figure 5.2: Flat torus versusdough-nut surface. If we physicallygluethetop edgeof asquare
to its bottomedge,andits left edgeto its right edge,thenwe will geta doughnutsurface. Thus,
the at torusandthedoughnuthave the sametopology Picture takenfrom[52]

, which is thesameas

The neuronsare connectedo their topographicaheighborsin the low-dimensional
grid. This neighborhoodelationshipdictateshe structureof themap(seeSection5.2.1).
Self-oganizingmapscan have differentstructures.If the left andright sideof the map
aregluedtogetheyfor example,the maphasa cylindric structure.If thetop sideis also
gluedontothe bottomsideof the map,the structurebecomesoroid or doughnutshaped

(seeFigureb.2).

In general,thesemappingsare topology-conserving. Mathematicallyspolen, the
propertyof topology conseration meansthat the mappingis continuous.If two points

areneighborsn the original datasetthey shouldalsobe neighborson the projection.
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5.2.1 Competitive Learning of SOM

The Euclideandistance

is usedto de ne the BMU in mary practicalapplications. The BMU aswell asits to-
pographicalneighborswill activateeachotherandlearnfrom input . A typical neigh-
borhoodkernel or neighborhoodunction  canbe written in termsof the Gaussian

function,

where aretheSOMcoordinate®f and and isthesizeof thekernel.Of

courseit is possibleto useotherkernelfunctions— Mexican-hator cosine for example.
In the following, we will usethe basicself-olganizingmapalgorithm. Hence,we refer

to Kohonen[29] or Kaski [28] for a detaileddescriptionof variationsfrom the standard
SOM.

5.2.2 Training of Self-Organizing Maps

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

domly andthe distanceto all mapneurons is calculated.The BMU (seeDe nition

5.2.1)—namely — ismovedcloserto theinputvector . Notethatthegrid neuronis
-dimensionaljust asthe input vectorsare. Thetopologicalneighborsof  aretreated

similarly, weightedby the neighborhoodunction

The SOM learningrule for eachneuron  canthenbeformulatedasfollows:

(2.1)
where is theindex of the BMU and denoteghe time. is the randomlychosen
vectorfrom theinput setattime is theneighborhoodkernelfunctionfor ~ with

center and is thelearningrateattime .
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Figure 5.3: Competitive Learning of SOM. Theinputvector is markedby across.Filled dots
representhe SOM neurons attime , thehollow dotsarethe SOM neuronsafterlearning at
time . Picture takenfrom[28]

Initialization  All -dimensionalneurons aresetusingthe rst prin-
cipal componentgor choserarbitrarily). Learningrate
andneighborhoodadius mustbeinitialized.

Stepl Choseaninputvector from thetrainingset.

Step2 EvaluatetheBMU to nd theneuron whichis closesto

Step3 Theneuron andall neighboringheuronsarerecalculated
(asin equation2.1).

Step4 Modify learningrate andradius .

Step5 Testfor convergence.Stopor go backto stepl.

Table5.1: BasicSOM Algorithm.

Table5.1summarizeshe basicSOM algorithm.In aninitialization step,all grid neu-
rons  have to be setto a given startvalue. This value canbe chosenusingthe rst
principal componentsor it canbe choserarbitrarily. In generalthe initialization using
the principalcomponentyieldsfastercorvergence.Then,the rst vectoris choserfrom
thetrainingset.Usingtheneighborhoodunction,theBMU andtheneighboringneurons
aremovedaccordingto the currentlearningrate . Finally, learningrateandneighbor

hoodradiusarechanged.
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This training usuallyis performedin two phasesFirst, aninitial phases performed
usinga large learningrate  anda neighborhoodadius . The secondphaseis for

ne-tuning theroughlyapproximatedesultsusinga muchlower learningrate.

At theendof eachround,the algorithmtestsif the systemhasalreadycorverged. If
so, the algorithmterminatesotherwiseit picks a new vectorfrom the training setand

continuego trainthe map.

5.2.3 An Example of Self-Organizing Maps

We will demonstratéow theclassicaSOM learnsonasimpletwo-dimensionaéxample.
In Figure5.4,aset of aboutl500pointsis shovn. We producedb00 randomlygener
atedpointsusingauniform distribution for a circle with radius . Thesedatawere
duplicatedtwice. We moved the centerof onecopy to the coordinates andscaled
down the seconccircle with a scalefactorof . The centerof thesmallcircle was

movedto . Thus,thedensityof the pointsis the highestin this circle.

It shouldbe mentionedthatthe input dimension hereis two. Thatis, the input di-
mensionis equalto the dimensionof the SOM grid. This meanghatthe training of the
Kohonemapwill notleadto adimensionaleductionbut to areductionin thenumberof
dataelementgthe mapconsistof lessmapunitsthantherearepointsin thetrainingset).
In thisexample thedefaultgrid size(basedntheheuristicformula ,

see[28] for details)wasused.

We chosea two-dimensionalexample becausehe training resultsof the map can
easilybe matchedandoverlaidwith the original data. For the moreusualcaseof multi-
dimensionabata,only theresultingSOM mapcanbe analyzeda projectionof the map
unitsinto theinputdimensions not possiblebecausehis projectionwould, of course pe

asproblematicasvisualizingtheinput datadirectly.

The SOMwasinitialized linearly usingthe rst principalcomponentsthatis, thetwo
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Figure5.4: Two-dimensionalexample: Training setfor the Self-OrganizingMap. Eachcircle

consistf 500 points. The densityof the pointsin thesmallcircle is twice aslarge asthe density
in thelarge ones.The pointsaregeneratedisinga uniform distribution.
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Figure 5.5: Two-dimensionalexample: Initialization of the Self-Organizing Map. The SOM
is now initialized usingthetwo rst principalcomponentsf thetrainingset.
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After training
T

Figure 5.6: Two-dimensionalexample: After the training of the Self-Organizing Map. The
SOMis now trainedon the given set. The grid elementsaredravn togetherinto the circle areas.
The elementsareclosestogetheron the smallcircle (the areawherethe pointsaremostdense).

largesteigervectors.Figure5.5shovsthe SOM afterlinearinitialization but beforetrain-
ing. It is clearthatthe rst two principalcomponentgorrespondo the directionsof the
higheststandarddeviation of the whole system. If the principal componentsannotbe

calculatedthe pointinitialization canalsobe donerandomly

After initialization, the SOM is trainedin two phases:rst roughtraining andthen
ne-tuning. Theresultafterthe ne-tuning canbe seenin Figure5.6. The pointsin the
circlesarethetrainingset. As speci ed by the competitive learningprincipal (seeFigure
5.3),thegrid unitsareattractedo thetrainingpointsif they arethe BMU or neighborsof
these.Densegroupingsof grid neuronscanbe interpretedasclustersin the training set.
It canbe seenherethatthe grid distancesare small over the two large circlesand even
smallerover the small circle. We have alreadymentionechat, in fact, the pointsin the

smallcircle have the highestdensity

The so-calledU-matrix, a matrix that containsthe distance$etweenall neighboring
neuronscanbe calculatedto nd groupsformedby densesetsof grid neurons.These

distancesanbedisplayedcolor-codedonthelow-dimensionatepresentationf themap,
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Figure5.7: Uni ed distancematrix. TheU-matrix containshe distancedetweerall neighbor
ing neuronsDark shadesepresensmalldistancesbright shadesepresentarge distances.

becausehe distancesrescalarvalueswhaterer the dimensionof the underlyingsystem
is. In Figure 5.7, the U-matrix for our exampleis shavn. We canidentify the three
circlesasareasof dense(dark) grid elementson the U-matrix. They areseparatedrom
eachotherby hugedistancegbright) betweemeighborghatwereattractedby different

clustersduringtraining.

5.3 Learning the Odor Spaceby a SOM

In the following, we will describethe applicationof self-oiganizingmapsto the odor
spaceinformationthat we derived in the previous chapters. Thesedataconsistof Eu-
clideandistancanformationaboutinter-odorantdissimilaritiesn a32-dimensionaspace.
Thedatawasderivedby applyingMDS to subdimensionatlistanceslervedfrom a psy-
chophysicabdordatabaseAs we have seen SOMscanbeusedto representhestructure
of a high-dimensionaspaceby a two-dimensionagrid. We usedthe SOM Toolbox for

Matlab5asdescribedy Vesantaetal. [50] and[51].

We useda two-dimensional SOM usinga Gaussiameighborhoodunction
(seeSection5.2.1)to estimatethe 32-dimensionabdor spacepoints. Moreover, we de-
cidedto usea toroid map. The grid neuronswereinitialized linearly that is alongthe

directionof the rst two principal componentsTo visualizethe internalstructureof the
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Figure 5.8: Clustered Kohonen Map of Odor Space. A Kohonenmap learnedthe high-
dimensionaEuclideanpointsderived in Chapter4. The mapwasclusteredusingk-meansclus-
tering.

trainedmap,we usedthe k-mean<lusteringmethodasprovided by the SOM Toolbox.

Figure5.8 shavs a Kohonenmapthatexpresseshe structureof the odorspace.The
clusteringresultedin 37 clusters.Of course onewould wish to usea largertrainingset,
but we alreadydiscussedhe problemof the giveninput datain Section3.3,andin Chap-

ter 7, this problemwill bepickedup again.

After applyingMDS on a setof dissimilaritymeasuresve obtainan Euclidearrepre-
sentatve for eachodordescriptor Thesepointsweretakenasatrainingsetfor our SOM.
After thetrainingis completedwe cancalculatethe nearesheighborin thegrid for each
of theserepresentafies— andfor ary otherpointin theodorspace Thus,we areableto
labelthemapusinga setof odordescriptorsin Figure5.11,theclusteredSOM hasbeen

labeledusingthe Aldrich descriptors.
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Figure 5.9: Fragmented Clusters on the KohonenMap of Odor Space.Herethe fragmented
clustersl5and22 arehighlightedasanexamplefor the fragmentatiorof clusters.

We shouldtake a closerlook at the clusteredmap. Someclustersappeamorethan
once. Clusterl5 andcluster22, for example,appeatwice. In Figure5.9,they arehigh-
lighted. Cluster15 is locatedin the lower right cornerandbelow the centerof the map,

cluster22 appeargo thetop right andbottomleft of the center

It is hardly surprisingthat suchfragmentsappeamwhenwe performdimensionake-
duction.If we try to approximatehe structureof athree-dimensionadox usinga simple
sheetof paper for example,we canimaginethat the sheetcould be squashednto the
shapeof the box. Not surprisingly pointson the two-dimensionatheewf paperthatare
not closeto oneanothemightbecomeneighbordn thethree-dimensionapproximation

of thebox.
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() (b)

Figure 5.10: Surfaceof Odor Space.Thelow-dimensionabrid of a Kohonemmapcanbestruc-
turedin threeways(simplesheetcylinder, toroid). a: The simplesheetof the odor spaceSOM.
b: Theodorspacesurfaceprojectedontoatoroid.

In Figure5.10, this effect is illustratedfor Kohonenmaps. We interpretecthe third
dimensiorof our MDS dataasakind of heightinformationandprojectedt ontothe SOM
plane.In Figure5.10.awe canseehow someareasbulge up or down. In Figure5.10.b,
on thetoroid projection,it becomesven moreclearthat pointscanbe spatialneighbors

in the neuronaddimensionbut not topologicalneighborsonthe map.

The maingoal hasbeento producea mapof the olfactoryperceptiorspace.Finally,
only the odordescriptorsare missingon the map. We projectedeachdescriptoronto its
BMU, thatis, the grid elementthatlies closestto the 32-dimensionatoordinatef the
odor. In the databasesomedescriptorsaretrivial, becausehey are evoked by only a
singlechemical(e.g.grapefruif). To increasahereadabilityof themap,thesedescriptors

werenotusedaslabelsonthe map.

In Figure5.11,theodormapis labeledwith odordescriptors\We have to readthemap
carefully Aswe have alreadymentionedsomeodorsandtheircorrespondinglustersare
neighborsin odor spaceeventhoughthey arefar aparton the map. Also someclusters
arefarapartin odorspacehut they areneighborsonthe map. This effect canbechecled

by consultingthe U-matrix (seeSection5.2.3).

Figure5.12 shaws the U-matrix of our map. Bright shadesepresentarge distances
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Figure 5.11: Map of the Odor Space. This mapis the sameasmap5.8 with labeladded.The
clustersarestill marked usingshadesf gray, but eachnon-trivial odor descriptorwasusedasa
labelfor its BMU. Themapis toroid, sotheleft andright sidesaswell asthetop andbottomsides

areinterconnected.



68 Self Organizing Maps

Figure 5.12: U-matrix of the Odor Space.Thedistanced®etweemeighboringgrid units of the
trainedSOM for the Aldrich databaseareshovn. Dark shadegepresensmall distancesbright
shadesepresentarge distances.

betweenclusters,dark shadegepresensmall distances.For example,in Figure5.11,
bottomcenteytheodorslight, coffeeandcocoaareneighborsBut by checkingthecorre-
spondingdistancesn theU-matrixin Figure5.12,we notehugedistancedetweercoffee

andlight, while coffeeandcocoaarerealneighbors.

Pleasenotethatin Figure5.8,we canalreadyseethatcoffeeandcocoaarerealneigh-
borsasthey belongto the samecluster In generalwe canof coursebe surethatodors

arerelatedif they belongto the samecluster



CHAPTER 6

Applications of the Olfactory Perception Map

In the previouschaptersye spentmuchtime describingdetails problemsandrestrictions
of our mappinginfrastructure.The crucial questionof the applicability of the maphas
not beencoveredso far. Hence,in this chapterwe will try to illustrate possibilitiesthat
areenabledby this new approach.The mappingapproachwill be comparedagainstthe
old approachthedirectedgraphmodelof Chee-Ruitef12].

We will concludewith fascinatingevidencethatwe foundfor a hypothesisaboutecolog-

ical proximitiesbetweerchemicals.

6.1 The order of apple bananaand cherry

Eventhoughit is known that Parkinsons diseasefor example,in uences the senseof
smell, thereareonly a few simpletestsavailablefor the clinical use[15]. It canjustbe

testedwhetheror not a patientcandetecta certainstimulusor not.

Our new approachhasan outstandingoropertythatis notin the scopeof the models
proposedsofar. We areableto quantifythe orderof odors.Somequanti cationsarenot
very surprising. In Chapters, we motivatedthe useof the U-matrix with the question
whethercoffeeis morerelatedto cocoaor to light. Theinsightthatcoffeeis moreclosely

relatedto cocoathanto light is notvery surprising.

But let us take anotherexample. A popularexamplefor the main problemin odor
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perceptionis the questionof the orderof the threeodorsapple bananaandcherry. Is
cherry closerto bananathanto apple or is cherry locatedsomeavherebetweerappleand

banana or is thereatotally differentorder?

Without the map,thisis a philosophicalquestion.Maybe peopleknow cocktailsthat
aremadeusingcherryandbananguice, but not applejuice. Sothey might advancethe

opinionthatcherry andbananabelongtogether

However, we cantry to give a moreobjectve answerusingthe maps.First, referring
to thelabeledmapin Figure5.11andthe clustermapin Figure5.8,we nd thatcherry
belongsto clusterl7, appleto clusterl9 andbananato clusterll. Becausef thetoroid
characterof the map, cluster17 andcluster19 are neighbors;similarly, cluster19 and
clusterllarenext to eachother Furthermorethereis atleastoneclusterbetweercluster
11 andclusterl1?. Finally, the U-matrix in Figure5.12shows thatthereis a realneigh-

borhoodrelationshipbetweerclusterl7 andclusterl9, aswell asbetweerll and19.

Thus,theodormapindicatesthatthe orderis asfollows:
cherry—apple—banana

This may be a smallillustration of the kind of unansweregroblemsthat will become

solvableusinga solid odorperceptiommaplik e ours.

6.2 Comparisonbetweenold and new maps

Therearesomehypotheseshathave beenbuilt on existing mappingssoit will beinter-
estingto compareour approactwith existing approachedJnfortunatelythe comparison
with mostmodelslik e Woskow's odor mapsis dif cult becausehey usedtheir mapsto

categyorizeodorantqchemicals)jnsteadof odors.

If we compareHennings odor prismwith our map,we cannotnd ary relationships
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Figure6.1: A group of herbaceousodors. In thesmallcutout,thepartof Chee-Ruites directed
graphthat shaws the group of herbaceousdorscanbe seen. On the map, clustersthatinclude
odorsin the grapharehighlighted. celery, carawayandpleasantareelementf the fragmented
clusterl5. Thus,in the 32-dimensionabdor spacethehighlightedgroupis contiguous.

betweenrthe prism andour map. More fundamentallywe would strongly disagreewith
theideathatthe odor spacds three-dimensionabasedon our ndings aboutthe dimen-

sionality of odorspacgseeSectior4.2).

Themostrecentmodelthatis interestingfor aclosercomparisons thedirectedgraph
of Chee-Ruitef12], who discoveredcertainstructuresn hergraph. We were curiousif

herinterpretatiorstill holdsup againstour morerigorousmaps.

Fortunately we found mostof the proposedyroupsin our map,too. A certainconsis-
teng/ wasto beexpectedpecause¢hedirectedgraphshavsthemostsigni cant similarity
from oneodorto anotherandthisinformationis partof our mapaswell. To illustratethe
correspondencdsetweenhe directedgraphandour model,we picked out threesetsof

odordescriptorghatform groupsonthedirectedgraphandhighlightedthemon our map.
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First, we took a group of herbaceousdors. In Chee-Ruites graph,we nd an co-
herentgroupconsistingof odorslike lilac, celeryand peppermint We highlightedeach
clusterthat includesone of theseodor descriptors.In Figure 6.1, it canbe seenthat,
asproposedby Chee-Ruiterthe odorsform a contiguousgroup. At rst sight,it might
look asif therearetwo groups. But this is becauselusterl5 — oneof the fragmented
clusters,seeFigure5.9 — consistof celery, carawayandpleasant Thus,in termsof a

32-dimensionabdorspacethegroupof herbaceousdorsis coherenbn our mapaswell.

Let uscomparea secondgroupingthat Chee-Ruitefoundin herdirectedgraph.This
group consistsof unpleasanbdorslike rancid, putrid andsweaty In Figure6.2.a,this
partof the directedgraphis shovn. Again we took our odor mapandhighlightedeach
clusterthatincludesoneof the unpleasanbdors.Keepingin mind thetoroid structureof

themap,we obtaina contiguouggroupfor theseodors.

Finally, we took a groupof smoky andnutty odorslik e peanut coffeeandbacon In
Figure6.2.b,they form a coherentgroup on the odor mapaswell. Remarkablythese

partsof the directedgrapharenot coherenbut separatedhto threeparts.

6.3 Ecoproximity Hypothesis

Chee-Ruite[12] proposedhe hypothesighat, underlyingthe odor space there might
be a larger functional organizationthanjust the representatiomf homologousseriesof
molecules.Shefound indicationsin the directedgraphmodelthat the chemicalcompo-
sition of moleculesalreadyleadsto clearly segregatedgroups. The factthat carbon,ni-
trogenandsulfur arekey atomsthatcycle throughthe metabolismof animalsandplants

might beareasorfor this.

Accordingto this hypothesisthe olfactory systemprocessesnetabolicallysimilar

odorantsusing similar neuralactivation patterns. But if similar odorantsare processed
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(@)

(b)

Figure 6.2: Groups of unpleasantand nutty odors. Groupsof odorsin the directedgraph
modelaretestedagainsiour odormap.(a): Unpleasanbdors— shavn asapartof Chee-Ruites
directedgraph— arehighlightedon the odor map. The mapis toroid, sounpleasanbdorsarea
contiguouggroupon our mapaswell. (b): Smoky andnutty odorsareexamined.Again, they are
shavn aspartof Chee-Ruites directedgraph. Remarkablythesepartsof the directedgraphare
not connectedandtheir relationshiphadsofar only beenassumedOn the odor map,we found

evidencefor their cohereny.
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(@)

(b)

Figure 6.3: Ecoproximity of compoundscontaining nitr ogenand sulfur. Thebrighteracluster
is, thehigheris the percentagef its odorsthatareevoked by odorantscontainingnitrogen(a) and
sulfur (b). Compoundshatcontainbothnitrogenandsulfur areincludedaswell.
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usingsimilar patternspnewould presumehatthis groupof chemicalswill only be able
to activatea relatedsetof odors. In thefollowing we will referto this hypothesisasthe

Ecoproximity Hypothesis

Let us consideranintuitive test. We take the odor pro les of a groupof compounds
andtry to interprettheresultin termsof a possibleunderlyingorder If the odorantsare
choserusingacharacteristithatis relevantfor their positionin theodorspaceywe should
obtaina setof odorsthat moreor lessforms a groupon the map. On the otherhand,if
the odorantsarechoserbasedn anirrelevantcharacteristicthe correspondingyroupof

odorswill bespreadll overthemap.

We took all compoundshatcontainnitrogenandhighlightedtheir odorson our map.

We did the samefor compoundshatcontainsulfur. We obtainedfascinatingesults.

In Figure6.3.atheresultfor compoundgontainingnitrogencanbeseen.Theshades
of theclustersgepresenthepercentagef their odorsthatcanbe evokedby odorantson-

tainingnitrogen.Thebrighterthe clusteris, the higherthe percentagef evoked odors.

Interestingly theseodorsform very segregatedgroups. The structureseemsto be
two-partandincludesoily, nutty and earthyodors. In Figure 6.3.b,the samething was
donefor compoundgontainingsulfur. Accordingly, we obtainclearly segregatedgroups

containingsmoky andgarlic-like odors.

At rst sight, one might be surprisedthat the two groupsof nitrogen-and sulfur-
evoked odorsare not totally disjoint. But we shouldnot forget that thereis an overlap
causediy chemicalghatcontainboth nitrogenandsulfur. Otherreasonghatmightlead
to anoverlapareothercommonfeatureghatarenot partof this smallexperiment.There
mightbe othercharacterizinglementspxygenfor example thatarecontainedn several

compoundsno matterwhetherthey arenitrogenor sulfur compounds.



CHAPTER 7

Conclusionand Futur e Work

7.1 Conclusion

It hasbeenthe maingoalof thisthesisto developaninfrastructurgor generatinga robust
andreliablemapof the “olf actoryperceptionspace”. We usedproventechniguego re-
ducehighly complex psychophysicatlatasystematicallyto a low-dimensionalevel that

may be mucheasierto explorefor humanscientists.

7.1.1 An infrastructur efor quantifying Odor Space

In Chapter2, the stateof neuroscienceesearctwasoutlined.Now we have gotafeeling
for the problemsthatarisein understandinghe senseof smell. In particular it is still far

from clearwhatmolecularcharacteristiceadto the correspondingdorperceptions.

Historical mappingattemptsJike Hennings “Odor Prism” [21], for example,try to
take thereasonableouteof interpretingpsychophysicabbsenationsto achiese a better
understandingf relationshipsetweenodors. A new andpromisingapproachwaspro-
posedby Chee-Ruitef12]. Sheextractedinformationaboutodorsimilaritiesfrom large

existing databaseandexpressedhemthrougha directedgraph.

The ideawasto projectinformation aboutodor perceptiononto a map. This map

shouldfunctionasan“odor wheel”similarin concepto a“color wheel”. Thus,thisthesis
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focusedntheapplicationandextensionof thisidea. We think thatour mappingapproach
will leadto new insightsinto the structureof the odorspacewhich, unfortunatelyhasso

far beenjusta continuumof unknown structurecontainingall odor perceptions.

Usingaspeciallydesignednetric,multidimensionakcalingandself-oiganizingmaps,
aninfrastructurenasbeenproposedo visualizetheodorspacahroughameaningfuimap.
Theunderlyingtechniquesiswell asrelatedoroblemsandrestrictionsveremotivatedand

discussed.

7.1.2 Quantifying odor quality data

As proposedby Chee-Ruite{12], publisheddatabase®sf odorants(chemicalswith a
smell) like the Aldrich Flavor and Fragrance€atalog[2] and Dravnieks Atlas of Odor
CharacterPro les [17] werethe sourcefor odor information. Accordingto Dravnieks
[16], asetof descriptors- like Aldrich's—is areliableandreproducibleepresentationf

odorperception.

Chee-Ruiteiuseda datasetbasedon the Aldrich Fragrance€£atalog(including 851
chemicalsusing 278 odor descriptorsfor a rst mappingapproach.We usedthe same
databasédor our new modelof the odor space.We have shovn thatthe subdimensional
distance yieldstheintuitively mostsatisfyingresultsfor estimatingdissimilaritiesbe-
tweendifferentodors. Themeasure canbeinterpretedasaweightedversionof Chee-

Ruiter's Cross-Entrop Informationl asproposedn Chapter3.

7.1.3 Scalingof quanti ed datavia MDS

Givenadissimilaritymatrix, MDS projectsthesedissimilarities which do nothave to be
metric, into the nearestEuclideanspace. MDS is a well-known methodfor dimension

reductionandgraphicalrepresentationf multidimensionabtata.

The featureof non-metricscalingis essentiafor mappingthe odor spacebecause
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thereis no indicationthatthe odor spacehasa metric structure.In otherwords,we pro-
jecteda spaceof unknown structureinto an Euclideanspacethat bestapproximateshis

structure.

MDS canalsobe usedto estimatethe dimensionalityof a dataset[32]. We found
evidencethat the odor spaceseemso be approximately32-dimensional.However, an
accurateanswerto this questionis by far not easyto give. This shouldthusbe the topic

of furtherresearch.

7.1.4 Generating KohonenMaps of scaleddata

With themethodsappliedin Chapter3 and4 we obtainedcoordinate®f odordescriptors
locatedin an Euclideanspacethat representsn approximationof “olf actoryperception
space”. In Chapter5, we usedself-olganizingmapsto generatdwo-dimensionamaps

from this high-dimensionaEuclideanspace.

The useof thesemapsis restrictedby several criteria. Namely thereis the problem
of fragmentedlustersthat makesthe de nition of neighborhoodsnorecomplex. Some
clusteramightbecloseto oneanotherevenif they arenotneighborsonthe Kohonermap.
We cansolwve this problemby consultinga secondmapthatidenti es the clustersusing
numbergseeFiguress.8and5.9). Furthermorewe have to becarefulevenif two clusters
areneighborson the Kohonenmap. It might be thatthey arenot very closetogetherin
termsof theirhigh-dimensionatepresentationrSowe have to consultathird mapto solve

this problem,the so-calledU-matrix (seeFigure5.12).

7.1.5 Usingthe Olfactory Perception Map

The new approachof mappingthe olfactoryperceptionspaceenabledusto nd several
interestingindicationsand ideasaboutodor perception. Beyond doubt, the mostfasci-
nating new featureis the possibility to answerquestiondike: “How are apple banana

andcherry ordered?”It is no longertrue thatsuchquestionsannotbe answeredn odor
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perception.

Furthermore we showved that the directedgraphapproachby Chee-Ruiterhad al-
readyled to reasonabléypothesesfor which we could now formulate much stronger
arguments.In particular we wereableto showv strongevidencefor the ecoproximityhy-

pothesis.

In otherwords,we have foundevidencethatthe olfactorysystemprocessemetaboli-
cally similar odorantausingsimilar neuralactivationpatterns We wereableto show that
similar odorantsevoke only relatedsetsof odors. Thus,it seemsasif thesegroupsof

chemicalsareprocessedisingsimilar neuralactivationpatterns.

7.2 FutureWork

Eventhoughthedescriptiort‘a colorwheelfor odors”is very evocatve, we arenottrying
to nd acontinuumof odors.The questionis whetherwe areableto createa meaningful
mapthatexpressesll theinformationwe canobtainfrom experiments.On this map,we

will thenbeableto testideasandmodelghatmightrepresenthe“truth” aboutodorspace.

Oneof the striking problemsin evaluatingsucha modelis thatwe do not even have
anideaof whatthereality lookslik e. We simply do not know how the “olf actorypercep-
tion space’is structured.Soit is very dif cult to saysomethingaboutpotentialerrorsin

estimatingsimilaritiesbetweerodors.

However, this is the goal of modelingthe odor space.The modelshouldincorporate
asmuchinformationaspossibleandtries to modelreal olfactory perceptionaswell as

possible.

What doesthe “olf actory perceptionmap” represent?Maybe we can alreadyseea

map of the pyriform cortex. Canwe nd somesimilaritiesbetweenour psychophysical
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modelandthe odor spacehypotheseby Hop eld [23]? Or themapwill justturnoutto
be an exampleof how insufciently olfactoryperceptions cateyorizedby odor pro les.
In any case,it is essentiako searchfor evidenceaboutthe correctnes®r falsenesof
the modelwhencomparedwith the realworld. Otherwisethe work presentederewill

becomeworthless.

7.2.1 Odor Perceptionvs. FaceRecognition

Thereis astrikinganalogybetweerodorandfaceperception Peopleoftenhave problems
describingfaces but they arevery adeptat discriminatingfaces.This is why the police
works with photo t techniques.It is muchmorefruitful to ask personsf they know a

facethanto askthemfor a detaileddescription.

With odorantsthe caseis similar. Asking peoplefor their descriptionof an odorant
often leadsto a typical answerlike “I know this odorant. followed by a moreor less
inadequatealescription. So when peoplehave to characterizeodorantsthey aregivena
characterizatioform — justasfor photo t techniques— andonly have to judgewhether

or notacertainsmell ts to certainodordescriptors.

We could probablylearnfrom resultsin faceperceptionsincewe know moreabout
face perceptionthan aboutodor perception. For faces,thereare alreadysophisticated
modelsthat expressa multi-dimensionafacespace[24]. Of coursethereis a physical
continuumin faceperception.We canphysicallymeasuresimilarities,e.g. eye distance
andhair color. In odorperceptionwe do notknow if thisis possible.Thereforejn face
perceptionwe can easily distinguishbetweendifferentfeaturesand differentvaluesof

the samefeature.

Letusassumave applythepresentedhfrastructurdo apsychophysicdlacedatabase.
Theresultingmapmight look like theonein Figure7.1. big eyesandroundfacewould

probablybe quite closeto cute while bushyeyebiowswould be closeto browneyes be-
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G blue eyes )= g
big eyes

cute

round face

Figure 7.1: A ctitious face perception map. Applying our mappinginfrastructureto a psy-
chophysicafacedatabasenightleadto a maplike this.

causepeoplewith bushyeyebrowvs areusuallydark haired. In faceperceptionwe know
thatblueeyesandbrown eyesaretwo valuesfor thesameeatureandthatbushyeyebravs

is avaluefor adifferentfeature.

We do not have ary knowledgelik e thisin odor perception We canstatethat“pleas-
ant” and“unpleasant’are descriptionf a hedonicvalue, but we simply do not know
whetherary two odorsarevaluesof the samefeatureor if they belongto differentfea-
tures. If we compareappleto browneyes is cherry thenmorelike browneyesor more
like smoothskin?

In faceperceptionwe have indicationsfor the existenceof prototypeq35]. And it
seemdik e not only facesareprocessedhis way [20]. Canwe nd a prototypefor odor

antsaswell?

A lot of effort shouldbe spenton answeringhis questionsbecausehis couldleadto

anew, revolutionaryinsightinto the perceptiorof odorants.
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7.2.2 Dimensionality of Odor Space

Futurework shouldde niti vely alsoaddresshe problemof dimensionality Ononehand,
this problemcorrespondstronglywith the featureextractionproblemwe just discussed,
becausahe numberof featuresequalsthe dimensionof the odor space. On the other
hand,we will learnalot aboutthe compleity of the olfactorycortex andespeciallythe

structuredetweerthebulb andthe cortex.

For our model and the underlyingdata, a spacewith a dimensionalityof approxi-
mately32 dimensionseemedo besufcient. But we shouldnotforgetthatthis estimate
is only aroughguesgesultingfrom thescattediagrams It shouldbepossiblgo increase

the precisionof suchanestimatesigni cantly.

Especiallythe extraction of independensubsetf odorsmight leadto new revela-

tionsaboutthe generalbrganizationof odorperceptiorspace.

We useda standardMDS method. Thereare differentpossibilitiesto scalemulti-
dimensionaldata. Most of them, Sammonmapping[44], for example,have the same
mathematicabackgroundand thereforediffer only in somedegree of relaxation. But
therearesomenew approachesisinglinearembedding43] andgeometricframeavorks
[49] thatmight be ableto estimatethe intrinsic dimensionalityof odor spacebetterthan
MDS.

7.2.3 Psychoplysical Experiments

Lastbut not least,a small experimentshouldbe mentionedhere. Although the number
of subjectsaswell asthe numberof trials wasnot sufcient by far to obtainsigni cant
results,it wasa very interestingexperience— especiallyfor the author— to getanin-
sight into planningand performinga psychophysicaéxperiment. Besides,the results
emphasizethe necessityf psychophysicagéxperimentsasa practicalcontributionto the

mappingof odorspace.
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group members\ chemical odorquality pro le
2-Methylpyrazine

2-Methoxypyrazine

2-Methoxy-3-methylgrazine

Allyl hexanoate fruity — sweet— pineapple
Hexyl butyrate sweet— fruity — pineapple
Methyl 2-methyltutyrate fruity — sweet— apple
6-Amyl-alpha-fyrone coconut— nutty — sweet

o-Toluenethiol
4-(Methylthio)kutanol
Ethyl methylsul de

Table 7.1: List of Oxygencarrying compounds.Thisis anexampleof how to chooseodorants
basednsimilaritiesin theirodorqualitypro le. Thepro le of  is mostsimilarto andmost
dissimilarto . For thisexampleonly thepro les of the odorantsareof interest.

We checled nine chemicalgseeTable 7.1) againstallyl hexanoate an odorantwith
thepro le sweet—fruity—pineapplel hreeof the compoundgontainnitrogen,threeoxy-
gen(asallyl hexanoatedoes)andthreecontainsulfur. The threecompoundsontaining
oxygenwere chosento have a decreasingimilarity to allyl hexanoatein termsof their
odor quality pro le. To increaseobjectvity andto avoid the useof languagewe per
formeda discriminationexperiment- namelyaforced-choicdriangulartestin whichthe

subjectshave to state which of threepresenteaddorantss different.

Theresultsin Figure7.2 aresogoodthatit might be thoughtit shavs the resultswe
wantedto obtain,but thesearethe actualdatafrom our experiment.The subjectshadno
problemdiscriminatingnitrogenor sulfurcompound$rom odorantswithout nitrogenand
sulfur. Insteadthe moresimilarthepro le of the oxygen-carryingcompoundss to allyl

hexanoatethe harderis it to make the correctchoice.

It turnedout to be really dif cult to designan psychophysicaéxperimentin a rea-
sonableway. Are theregenderdifferences™o peoplediscriminateodor quality or odor

intensity?Cansomesubjectperceve someodorsbetterthanothersubjects?
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Figure 7.2: Percentageof successfullydiscriminated odorants. and containneither
nitrogennor sulfur. arenitrogencompounds,  aresulfur compounds.All odorants
weretestedagainst in aforced-choicdriangulartest.

Hopefully, our new approachto mappingthe odor spacewill inspire several psy-
chophysicalexperiments. Our mapswill surely contribute to the successfutesignof

theseexperiments.



CHAPTER A

Mathematical Notes

A.1 Statistics

De nition A.1.1 MeanValue. Thearithmeticmeanvalue™ for a distribution

is de ned asfollows:

De nition A.1.2 SampleVariance. Thevariance is a measue of how spread
outa sample is. It is computedastheaverage squaeddeviation of eadh

variablefromits mean

De nition A.1.3 SampleStandardDeviation (normalizedwith ). Thestandad
deviation ofasample is de nedasthesquaerootofthesamplevari-

ance It is themostcommonlyusedmeasue of spread.

De nition A.1.4 Chi-squaredstatistics. Let be a randomsample
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froma normaldistributionwith mean andstandad deviation . Thenthequantity

hasa chi-squaeddistributionwith  degreesof freedom.

De nition A.1.5 Condencelnterval. Let be a randomsample
froma normaldistribution with unknownmean andunknownstandad deviation . A

con denceintervalfor is givenby

where denoteshe samplestandad deviation,

and denoteghe gammy-quantilef the chi-squaed distribution with de-

greesof freedom.

Nongaussianitganbemeasuredby theabsoluteralueof kurtosis.Thekurtosisis zerofor

a gaussiaristribution, andgreateror lower zerofor mostnongaussiarandomsamples.

De nition A.1.6 Kurtosis. Thekurtosis ofasample is de ned

asfollows:
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FigureA.l: -nodeHypercubeswith . Picturetakenfrom [34]

A.2 Hypercubes
De nition A.2.1 Hypercube. Ther-dimensionahypercubehas nodesand
edges. Eadh nodeis representingan  -bit binary string. Two nodesare linkedwith

an edge if andonlyif their binary stringsdiffer in preciselyonebit.

In otherwords,all nodes , thatareconnectedy anedge have aHammingdistanceof

Consequentlhgachnodeis incidentto othernodespnefor eachbit position.
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(@)

(b)

Figure A.2: 4-dimensional Hypercube. (a): Two 3-dimensionahypercubegb): The hyper
cubesare extendedto a 4-dimensionahypercube. Still all connectechodeshave a Hamming
distanceof 1. Picture takenfrom[34]
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Labelsand Maps




6 Labelsand Maps
1 putrid 2 roasted 3 meaty 4 burnt
5 rancid 6 pungent 7 fatty 8  hutter
9 cheese 10 creamy 11 oily 12 sour
13 balsamic 14 anise 15 balsam 16 caramel
17 chocolate 18 cinnamon 19 hong 20 sweet
21  vanilla 22  soay 23 waxy 24 wine-like
25 coffee 26 smoly 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  stravberry 46  citrus 47  lemon 48 lime
49 orange 50 ethereal 51 nutty 52 almond
53 hazelnut 54  peanut 55 walnut 56  spig
57 pepper 58 medicinal 59 mint 60 oral
61 blossom 62 carnation 63 gardenia 64 geranium
65 hawnthorne 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 caravay 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 toastedyrain
105 breadcrust 106 heay 107 cocoa 108 cereal
109 bread 110 odorless 111 anise 112 phenolic
113  harsh 114 bacon 115 saory 116 horseradish
117 amber 118 dry 119 elegant 120 incense
121 oriental 122 eggyolk 123  hard-boiledegg 124 penetrating
125 fennel 126  mushroom 127 cadaerous 128 gasoline
129 pleasant 130 mild 131  bitteralmond 132 repulsve
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 sautedarlic
161 clams 162 orangeblossom 163 verystrong 164 fenugreek
165 licorice 166 diffusive 167 butyric 168 roasteccrudesugar
169 mildew 170 moldy 171 whiskey 172  peanututter
173 new leather 174  roastechut 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 burntalmond 188 chamomile
189 passiorfruit 190 driedfruit 191 maple 192  hbutterscotch
193 tobacco 194  leather 195 rhubarb 196  skunk
197 candy 198 raw potato 199 wintemgreen 200 cognac
201 mustard 202 bakedbread 203 ripe 204 lavender
205 smoledsausage 206 toasted 207 sickening 208 alcoholic
209 leafy 210 acrid 211 bitter 212  tropicalfruit
213  unripefruit 214  hotsugar 215 fecal 216 fuseloll
217 mango 218 pine 219 turpentine 220 celery
221 grapeskin 222 greenbell peppers 223 greenpeas 224  tomatoleaves
225 ammonia 226 cedarvood 227  blueberry 228 rooty
229 creosote 230 clean 231 begamot 232 malt
233  blackcurrant 234 mercaptan 235 galbanum 236 roastechimond
237 roastecbeanut 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 coolkedonion 251 coolkedmeat 252 craclers
253  wild 254 menthol 255 rich 256  brown
257 tomato 258 parmesamcheese 259 romanocheese 260 ricottacheese
261 greenbean 262  sherry 263 amine 264 acetic
265 safron 266 mothballs 267 decayed 268 bland
269 petroleum 270 cauli ower 271 fermentedsoybean 272  lard
273  burntcaramel 274  roasteccoffee 275 wet 276 orangepeel
277 mandarin 278 at
Table B.1: Aldrich DatabaselLabels. Thisis the completelist of odordescriptorghatwe used

for theodormaps.
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FigureB.1: Chee-Ruiter's Dir ectedGraph. Thedirectedgraphmodelsanodorquality mapfor
Aldrich data.Picture takenfrom[12].
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Figure B.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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Figure B.5: U-matrix of the Odor Spaceincluding Clusters.
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