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Discoveryland use of/efficient(biomarkersforiobjective disease state

assessment/in Alzheimer’s disease

Markvan(Gils, Member, IEEE, [JuhaKoikkalainen, [JussiMattila, [Sanna[Kaisa Herukka,
Jyrki[L&tjonen, [Hilkka [Soininen@nd thelAlzheimer's Disease Neuroimaging Thitiative™

Abstract—Objective Jand “earlydetection Clof JAlzheimer’s
disease[(AD)saldemanding[problem ¥equiring consideration
of imany[modalobservations. Potentially, manyfeaturescould
belusedto discern[betweenpeople withoutCADandthoselat
different stages ofthe disease. Such(featureslincludelresults
from[cognitive[and emoryfests, imaging (MRI, PET) TYesults,
cerebral spine[ fluid"data, blood ‘markersetc. However, in
order(foldefinelanéfficientland limited [Set[of featuresthat'can
belémployed(in[¢lassifiersTequires mining[of data frommany
patientc¢ases. Inthis[studyweised [fwo databases, [ ADNIand
Kuopio'LMCI,to[Jinvestigate the[relative [ limportance“of
features[] and[] their[] combinations.[] Optimal[] feature
combinations(are[to beusedin[a Clinical Decision Support
Systemthat[is fo bemised(in clinical AD[diagnosispractice.

I. INTRODUCTION

D emential causes! long[ and[ oppressivel suffering/ to
patientsland [ their[ relatives[ ‘and [ imposes[enormous
costsLonl society. CAbout[ 25 million[peoplel suffered from
dementialin[2000.Aslal4[fold[increaselofl this[numberlis
expectedBy(2050.[Alzheimer’sdisease[(AD) covers(60(70%
oflall[dementialcases. Nolc¢urelfor [AD[éxists,andéffective
and(reliablel¢arlyldiagnostic[techniqueslare(lacking.[Early
diagnosis/dnd [progressmonitoring[0f/ADlis[d[central [partof
treatment[Joncel Ifuture[/drugslJand[Iprevention[Istrategies
becomelavailable. Therelis alstronglindication[that/several
different(biomarkers(providelalreliable(and ¢arlylindication
of LAD[prior[tolits(major[¢linical [signs.[However, [it[is[fnot
known[which[Jcombinations |ofl Ibiomarkers/features| lare
optimal [for [ldetection[lat[ different[ diseasel stages.[ Many
research [initiatives tol address( this[ problem[are ongoing
world(wide. [ For[éxample, many![tesearch| efforts arel done
centered @aroundthe[ADNI ihitiative([1,2].

Manuscriptteceived April[(23,72010.ThisWwork [was[supported by[the
European Commission[under(the 7™ Framework [Programme((FP7(224328 [+
PredictAD).[] [1ThellFoundation[ for[the[1National [l Institutes ] ofl | Health
(www.fnih.org)[doordinates the[private[sector [participation[0fithe [$60 million
ADNI[publicprivate[partnershipthat ' wasbegun by the National Institute[on
Aging(NIA)and[supported By the WNational Institutes (0f [Health, [d[detailed list
oflsponsors(canbefound (@t www.loni.ucla.edu/ADNI[]
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*Datalusedlin[ the[ preparation[of! this article were obtained from[the
Alzheimer’sl] Diseasel! Neuroimaging[! Initiativel[] (ADNI)L! database
(www.loni.ucla.edu\ADNI[). [ As[ such, [ thelinvestigators_ within[ the CLADNI
contributed tolthe designand implementation6fl ADNIand/or [provided data
butldid not participatelin analysis(or Wwriting[oflthis report. ADNIinvestigators
arelisted atlthe abovementioned website.

Thelstudylis(partlofithe[EUlcolfunded(project/PredictAD
(www.predictad.cu). Thelobjective of this[part of the study
is[1)[tol find[the best[ combination [ofl biomarkers[ for[AD
diagnostics/] from[| heterogeneous/] datal] (imaging,
electrophysiology,[] molecular[! level,[! clinicall] tests,
demographics) [ and[ 2)[tol develop[ clinically[ useful [ tools
integrating/theloptimal (biomarker [fesults.  Thelbasis [for [this
is[formed(by(the consortium’s(large/databases.

[Thispaper [reports firstresultsregarding identification [of
efficient[ biomarker![ sets[ containing/information!(telated[to
AD[diagnosis. [ Measuresof! efficiencylJare[ accuracy! for
detecting[ADland [correspondencelmeasures/with [Severityof
AD.[Oflspecialinterestlis detection [of thelearlyphaselofithe
disease, manifested/inmild[cognitiveimpairment (MCI).

ThelJoptimal [lcombination(]ofl |biomarkers[ I mayl|vary
between ] populations] and[ ] therel] is[] thus(]allneed[] for
personalization. [ ] Also,[] different[ | biomarkers/ | mayl ' have
different(toles[during[different(stages(ofitheldisease, thereby
making[thel composition [ ofl thel optimal [ setl variable[Wwith
progression(ofitheldisease.

Thelefficient ¢combinations ofl biomarkers(areleventually
used [inlaltool for clinical iseBy/the Healthcare/professionals
—litlallowsteview of all [different[measurements performed
for[alspecificl patientl and[ shows| thel classification[ result
together [ with [ thel possibility[ tol explorel thelinfluencelthe
differentbiomarkershavelon(the[classification(result.

This[paperlis(structuredasfollows. The Methods[section
gives[al short[ description[ of! the[ databases[ and[ analysis
methods(are(described(that/arelused to(select/and assess[the
suitabilitylofldifferent(variables(to[Separate[between [disease
states. (In[Section 111, [fesults[of these methods(as applied to
respectivelylADNI[and[LMClI datalare[presented. Finally,
thelJresults(JandItheir[implications[arel|discussed[Jand
continuingsteps/dre(outlined.

II. METHODS

A. Datalsets

Datal from[ twolsourceshave[ been[used: [ the[ publicly
available[ JADNI[database[Jand [Jdatal lobtained [lfrom[Jthe
KuopiolLIMCIstudylasprovided by University ofl Eastern
Finland.

ADNI\datadohort

TheJADNI[database[[1][contains manylmodalpatient
datalfrom[ AD[diagnosedlas well [as healthycontrol[c¢ases.
Datal exist/ from[ eight[‘studies[ (screening,[ baseline, [ ‘and



followups(atmonths(6,12,(18,124,30[and[36). In(total (505
features(divided over (17 [dategorieswerehised (Table(1).

TABLEI
CATEGORIES'AND NUMBER (OF FEATURESIIN ADNIDATA

Demographic(Information 16
Medical History 19
Diagnostic/Summary 28
Diagnosis/and[Symptoms/[Checklist 28
Baseline(Changes 16
Alzheimer [Disease[Assessment(Scale(ADAS) 23
Apolipoprotein E risk[gene(ApoE) 3
ClinicalDementiaRating[(CDR) 7
Cerebrospinal (Fluid (CSF) 4
Function[Assessment/Questionnaire((FAQ) 11
Geriatric/DDepression(Scale (GDS) 17
ModifiedHachinski(IMH) 17
MiniMental[State[Exam (MMSE) 31
MagneticResonanceImaging[(MRI) 136
Molecular(Tests 93
Neuropsychological Battery(NB) 46
NeuropsychiatricInventoryQuestionnaire[(NIQ) 1
Positron [Emission Tomography/(PET) 9

Atlbaselinel the[ humber [ofl cases[Wwas[ 821:[843[(42%)
female and[ 478 (58%)[male.[ Thislincludes[ 229 healthy
control[¢ases, 402 with(MCI[and[190¢aseswith[AD.[The
MCl ! ¢ases|¢canlbelsubdivided/furtherlinto[ 281 [stable [ MCI
cases/(SIMCI, [thosewith mild/¢ognitive[impairment that/do
not further(developlinto[AD)[and[121 [progressive MCI[(P[]
MCI)[cases that(did(developlinto[AD.[Mean agelatbaseline
was(74.9years[(standard(deviation[6.9 [year.)

For[followup(data,[ Ithel Inumber[lofl Javailablel Icases
decreasesas/datalis(still[being[collected [and obvious/drop![]
out/exists(in longitudinal studies. [The mumbers(oficases|are:
818 (after[ 6/ months), [ 811[(12[Mmonths), 725[ (18 months),
446((24 months),[121(B0months), and [48(36 tonths).

KuopioLIMCl\datalcohort

This[ datal is[ collected| from[ al prospectivel longitudinal
study(wherelhealthyfo[AD[¢onverters(are[known. Theldata
include[MRI(data,blood [tests(and(clinical [data. Thefollow[]
upltimelhas(been(up(to(Syears. Table2(giveslan(overview.

Atlbaseline[the[number[ofl ¢ases[Wwas[977 [(of[which[589
(60%)femaleland(388((40%)male). [ Thislis[distributedas
687 healthyldontrol[cases, 249 [with MCIand[77[cases Wwith
AD.[Mean!agelatbaseline[was[68.9years[with[alstandard
deviation[ ofl 5.0 year.[ Thel MCI[ cases| werel subdivided
furtherlinto[176(stable[$ MCl(casesdnd (73 [P[MCI.[Again,
infollowups(thisrumber decreases[(861 [dasesin | stfollow[]
up,136/in2™,109in (3" @nd 38 [casesin 4™ follow up).

TABLE II
CATEGORIESAND NUMBER (OF FEATURESIN L IMCIDATA

Basicldatarecord [information 15
Diagnostic/Summary 17
DemographicInformation 9

Medical History 68
ConcurrentMedications 36
Apolipoprotein E risk[gene(ApoE) 8

Cerebrospinal (Fluid (CSF) 4

Vital Signs 9

MagneticResonanceImaging[(MRI) 59
GeriatricDepression Scale/(GDS) 1

Heaton[Visual Retention[Test (HVRT) 13
Wechsler Memory(Scale[(WMS) 5

Buschke Memory(Test((BMT) 19
Activities[ ofl dailyl livinglinventory (ADCS[ 1

ADLI)

MiniMental[State[Exam (MMSE) 19
CERAD[]  neuropsychological[l  battery 67
(CERAD)

TrailMaking Test((TMT) 11
ClockDrawing(Test((CDT) 9

Wechsler[AdultIntelligenceScale[(WAIS[R) 3

Blessed(Test(BT) 27
Short[ Portable[ Mental [ Status Questionnaire 11
(SPMSQ)

ClinicalDementiaRating[(CDR) 8

ScentRecognition (SR) 33
Beck[Depression Inventory(BDI) 22
Stroop Test((ST) 6

B.  Analysislmethods|fordefining|sets of [features

Thelabovel described[datalhavelbeen¢compiledinto one
common!]SQL[]databasel Ithat[/can[IbelIqueried[using/la
dedicated [ software(tool [that[ allows[exploration[as(well[as
exporting[Jofl parts [Jofl linterestIfor[Idirect luselJin[Idata
processing[software. [For[data(processing, ‘thellatest[versions
ofiMatlab[(The[Mathworks(Inc., Natick[MA), SPSS[(SPSS
Inc, [ Chicagol[ IL),[ Microsoftl Excel[ (Microsoft,[ Redmond
WA )landlinhouseldeveloped softwaremtilities wereised.

Initial Cstatistical Lanalysislincluded [pairwise comparison
testsLofl feature[values in[different[subject groups[tolassess
potential [ usefulness! ofl features. Different! types ofl data
(scalar,lordinal, hominal) [tequire(different|statistical [ tests.
For[scalar(Jand[Jordinal [ features, [ first[ the[ [Kolmogorov!
Smirnov!testwas[uised tolstudyliflthefeatures/are(normally
distributed. Based[onthis, [éither [as[a [l testor (Wilcoxon [test
was|used[tolcompare between [different/subject/groups. [The
Chilsquare/goodness of!fittest Wwasised[for [comparisons [0f
thel lnominall features.'A[ significance! level[ ofl 0.01[ was
considered!as!statistically(significant.[ Aslin[this[phaselthe
purposelis(toleéxplorepotentiallyusefulfeatures(and (ot do
formall Jhypothesis| testing, nol Icorrections| Ifor [ Imultiplel



testing(such [@sBonferroni)wereldone.

Thelaimwas(tofind @limitedsized[subset(oflfeatures/that
canlbelusedlin(anlaccurate’and[generallyluseful ¢lassifier.
Threel featurel selection [ methods werel employed: [ forward
selection, [] backward [ selection, land[]stepwiselselection.
Forward|selection [startsWwith[alone[(‘best’) [featureclassifier
and[Jsubsequentlyladds[ ifeatures; [the[ backward[ selection
approach/ linitially[Juses[Jall[ Ifeatures( Jand[ 'then[removes
features[ which [affect! classification [ performancel thelleast;
and[ stepwisel selection[is[al combination[ofl thesel twol in
turns: [after (femoving n(features, m(features/drelddded(to/the
feature(set. This helps/tolavoid thelsol¢alled “nesting’[issue
thatlis[possiblelin(the forwardand backward[approacheslin
which [features, [onceladded [or[femoved,[dan (notbe changed
anymore/+possiblylleading/tolsubloptimal[feature(sets. The
featurelIselection[ procedures! Iproduce! lalIset[ ofl /feature
combinations, whichlarelthen[tested uising[alseparate[test
set,[and[the[combination (producing(the[bestperformancelis
selected.

Prior[tol thel analysis, [ al validation [ setl was[ selected[ by
randomly/(selecting[20% [oflthe[subjects. This[set wasused
onlylat(thel¢ndlinlevaluating[the(final[performancelofithe
feature(selection [andclassification.

Twoll criterial | werel testedl | to[] selectl ] thel] features
added/removed.[ Thel first[ criterion[ was![ thel classification
erroronlaltest[ setl (separate[ from[theltraining[set).[ The
featurel set[ producing[thel lowest[ classification error[was
elected for[further[consideration. Thelsecond criterion(was
soldalledminimal [fedundancy/maximalltelevancel ¢riterion
(mRmR) [ [3].01Tts[] objectivelis[] tol ] maximizel | features
dependencieson[JthelIclass[Jand, Jat[the[Isameltime,[]to
minimize(the dedundancylofithe featureslinthelanalysis[(to
notlincludel thel samelinformation multiplel times[in[the
analysis).

Aslclassification [imethod[tolassess[ thel performanceslof
differentfeaturelsets[thelsupport/vector (achinel¢lassifier
(SVM) [paradigm (was[uised [(using[1libSVM [Matlab(toolbox,
http://www.csie.ntu.edu.tw/~cjlin/libsvin/,[[4]).[Radial (basis
functions/were[used[and[the[parameterswereloptimized by
iterating(differentvalues.

For[performancelassessment, a multilc¢lassifier[approach
was ised. [In[fotal (50 [Optimal (featurelsets werelsearchedand
50(¢lassifiers/wereltrained [usingdifferent(fraining(and|test
sets.[/'The[ 150 training[land [ test[ sets[ lwere[ lobtained [ by
randomly(dividing[theldataset[50times(so(that[75% [oflthe
subjectswerelinthe tfrainingsetland 25%(in[the [test(set. The
training(set[wasusedto/computethemRmR [criterion [dnd[to
train[thel¢lassifiers. [ Theltest set[Wwas(nised to[compute(the
classificationlerror(that(was(then used tolselect(the[dptimal
number [ bf! features. After[ thel optimal[ feature( sets[ were
obtained[for[¢ach(datalset, [thel¢lassifiers/wereltrainedland
then [dpplied [tolthevalidation(set. Finally, d[voting rfulelwas
applied(tolthe(classifications(oflall(thelclassifiers,[giving [the

final(classification [result.

Sinceldlarge(portion [ofithe(datalisnot(yetlavailablelin lits
final [ form[Ifor[the[ ILIMCI[datal (not[all MRI[ features,
metabolomics/protoeomics| etclarel availablelyet), asimilar
detailed[¢lassification/performancelanalysis(is(feasiblelonly
when![thesel datal becomel available. [ Tol get[an(ideal ofl the
potential [performanceloflthe(set(though, linear(modelswere
developed using/the(features/available/and using/a(stepwise
featurel | selection(] algorithm.[] An[| assessment[ ] ofl | the
performancelwas/then[madeusing/a[separate(validation(set
(containing[20%[ofl theloriginal [ data).[ Thelhistorylofl the
performancelincrease during[thelstepwiselselection [process
was| lexamined[Jand (it was[ explored[ which[ ffeatures[lare
deemed ! thel most important(in[allinear modell*[which,
although [ lnot[giving[ loptimalIclassification[ performance,
givesldlgood [indication [0f which features/areimportant.

III. RESULTS

A. Featurelsetlanalysis

Thelseparatel(testing [Hesults/of individual ‘features/showed
thatapproximately[30% [ofl both[thel ADNI[and[the LIMCI
features(are(potentiallyiseful [for this(task[ds[theylhavevery
significantlyl[(p<0.001)[differentvalues(for different(disease
groups. ISomelJoverall Uindicationsfor[ the lusefulnessJof
different [features:

*  Agelis(significantlyldifferent/between [the different
groups, butmnotbetween P MClland[SMCI

*  Apolipoprotein[ Elrisk[ gene (ApoE)[variableslare
significantlyldifferentforall .comparisons

*  CSFlvariables/are!different/between(thelgroups, but
not(between(controls(and[S MCI

*  Levelland[duration[ ofl education[seem [ especially
useful[to[separate[ between [ controlLand (MCI[(but
notbetween S MClland P MCI)

»  Estrogen[iisagel duration [differs for[theldifferent
groups, butnotbetween P MClland[SMCI

*  Many[MRI[features arelsignificantlyldifferent(for
alll] thel tests,[] especiallyl] hippocampus] and
enthorinal [dortex [Volume related features

*  Geriatricldementialscaleldid[not[$howldifferences
between [groups

*  Cognitive[ land “memoryl( tests, such[as['Wechsler
memory! scale, Heaton[ visual[ tetention, [ Buschke
memory, [MMSE, CERAD, [ Clock drawing, [ Trail
making[land[Blessed[Jand[Short[/Portable[ itests
results[differ [ between different[groups, but[ not
between BR(MClland[SIMCI

Aslexample,[ tlassification[tesults[for[alSVM/classifier
using[classification[error[as[¢riterion[in[stepwiselselection
for [different( featurel groupsin[ADNI[datalarel shown[in
Table/TII.



TABLE III
CLASSIFICATION[PERFORMANCE FOR DIFFERENTFEATURES

Classification task[ | Features Combined  Most

from[! one features important

single feature

category category
ADs.[RIMCI 84 % 94(% CDR
AD¥s.[SIMCI 93(% 99(% MMSE
ADIvs.Control 100% 100%(] CDR,INB
PMClIvs.[SIMCI 811% 87% NB
PMClyvs.Control 100% 100% CDR
SIMCIvs[Control 100% 100% CDR

[For(abbreviations|ofifeature categorymames, [See Tablel

Using [ al stepwisel featurel selectionapproach [ in[which
features/ from[anyl(test(maybel¢ombined[ gives almodellin
which [theldlassification [performance(doesmotlincreaselafter
approximately[ 10 ifeatures. [ Thesel ffeatures[ include, ICSF
values, humber [ ofl ApoE[4alleles, MRI| features, [ageland
lengthlofleducation. [Using[allinearodel[including[those
features/gives/anlimpression dfitheldlassification [potential [6f
them, ds[depicted(inFig.1.
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Figll.[ Predicted [ diagnosis| ofl diseasel stage! Ws.[ actual
usinglallinear [prediction model (L MCl[data).

IV. DISCUSSION

Rresultslindicatel that(it[is[ relatively[ easyl tol separate
controls/ from[healthyl cases. However,| thel clinicallylmore
interesting [ question, [ to[ detect[ differencesl in[ peoplelwith
stable [ MCI[compared[ tol those[with progressivel MCILis
considerablymore(challenging. This[dan(be/seen Both [in[the
relativelylow(daccuracies/obtained [with[SVM’slonthe[ADNI
datal(TableTI)[aswelllas the[dverlap in[outputsofia linear
model for theILIMCI(data[(Fig.(1). Thelinitial [@analyses/give

anlindication [that[a[subset[ofVariables[is(responsible for the
largest/part/ofithe(classifier[performance.
Theldatalsets[contain many(thissing[values, [éspecially/for
later[ Ifollow(ups. ' The[ missing| ivalues' makel thel usel of
dimension (] reduction(] techniquesl] (suchl! asl] principal
component/analysis)[problematic.[ Therefore, [ such methods
were[ hot[applied [in[ this[ study.['Also,[ thel currentset[ of
features/to be(uised (bylalclassifierlincludes(CDR [+ [thislis(a
feature[ used[ byl clinicians/ to[ base[ diagnoses  upon[+[to
developlalclassifier(that[is[ completely( ‘independent’ [hext
feature(selectionsare/donewithout/considering[CDR.

V. FUTUREISTEPS

Theldataldvailablelconsists[ofiseparate[groups(ofifeatures.
Forlexample, featuresfrom[a memory!testlor(featuresfrom
MRI [ establish( clear[ groups.[ Thel objectivel was[ tol study
which/¢ategories work [best in[the[classification. [After(this,
different! categories| can[bel combined|tolstudy how[ much
complementaryl information[ theylinclude.[ When[ costslare
associated [ to[ performing/ different( tests[ (likel MRI,[PET,
CSF)lit[¢anbelestimated (how muchalcertain[improvement
in[‘accuracy! costs, and[Wwhether [ suchlinvestment[is  cost[]
effective. Thislis[subject/dflcontinuing[research.

Thelfeature combinations arelfolbeémployed inmethods
implemented!(in d[Clinical ecisionSupportSystem (CDSS)
which (] organizes[ ] patient[ | data,[ | extracts[ ] features[] and
biomarkers, [ analyzes[ them/ statisticallyl against[ previously
diagnosedJcases[[5]. UItUisused[to[Icharacterize lnewly
incoming [ patient[ datalland[ can[belused[ tol explorel the
databases.[ Theltool [includes, amongst[others, altimeline
view[ofl_al patient’shistory[ allowing[ easyl inspectionof
changes(/in[Jcondition[Jover[time.[ ] Al]statistical Jengine
compares|patientldata to[prior[cases ofl correspondinglage
groupand[demographics. [Combinations [of featuresarelthen
analyzed![ tolidentify[ those which, alonelor concurrently,
havelstatistical significancelin [predicting [AD.
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