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Abstract—One of the most promising applications of data
mining is its useon biomedical data to assistin patient diagnosis.
Any method of data analysis intended to support the clinical
decision-making processshould meet several criteria: it should
capture clinically-r elevant features, be computationally feasible
and provide easily-interpretable results. In an initial study, we
examinedthe feasibility of using Zernik e polynomialsto represent
biomedical instrument data in conjunction with a decisiontree
classi er to distinguish betweendiseasedand non-diseasedeyes.
Here we provide a comprehensve follow-up to that work,
examining a secondrepresentation,Pseudo-Zenik e polynomials,
to determine whether they provide any increasein classi cation
accuracy We compare the delity of both methodsusing residual
root mean squared error and evaluate accuracy using several
classi ers: neural networks, C4.5 decision trees,Voting Feature
Intervals, and Na've Bayes.We also examinethe effect of several
meta-leaming strategies:boosting, bagging and Random Forests.
We presentresultscomparing accuracyasit relatesto datasetand
transformation resolution over a larger, more challenging, multi-
classdataset.They show that classi cation accuracyis similar for
both data transformations, but differs by classi er. We nd that
Zernike polynomials provide better feature representationthan
pseudo-Zenikesand that decisiontreesyield the bestbalance of
classi cation accuracy and interpretability.

Index Terms— Decisiontr ees,spatial modeling, corneal shape.

I. INTRODUCTION

The eld of medicinehasgreatly bene ted from adwances
in computing.Medical imaging, geneticscreeningand large-
scaleclinical trials to determinedrug ef cacy are just three
areaswhereincreasedccomputationapower is fueling massive
growth in the collection and evaluationof patientdata. With
the ability to accumulateand store large amountsof patient
datacomesthe desireto discover ary underlyingrelationships
that might exist. The eld of data mining has arisen to
addressthis task. When applied to medical data, traditional
datamining applicationslike classi cation and clusteringcan
yield commonalitiesamongpatientsthat might be anindicator
of a given condition. If such commonalitiesare found, one
could createa signature,where patientswho are found to
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possesdt could be diagnosedwith, or classi ed aspotentially
having, the condition.

The use of biomedicalinstrumentdatato supportclinical
decision-makingpresentsseveral challengesthat are well-
suitedto knowledge discovery and data mining methods.In
generalthis problemconsistsof extracting useful patternsof
information from large quantitiesof datawith attributesthat
often have comple interactions.Instrumentdata are inher
ently multidimensionakndthereforedif cult to summarizen
simpletermswithout losing potentially usefulinformation. A
naturalcon ict exists betweenthe needto simplify the datato
male it moreinterpretableandtheassociatedisk of sacri cing
informationrelevantto decisionsupport.

Transformingspatialfeaturesin instrumentdataquanti es,
andtherebyexposes,underlyingpatternsfor useas attributes
in datamining exercises.To be useful, a datatransformation
mustfaithfully representhe original spatialfeatures Orthogo-
nal polynomialshave beensuccessfulljusedto transformvery
differenttypesof spatialdata[1]. Zernike polynomialsareone
suchfamily of orthogonalpolynomial functions[2]; pseudo-
Zernike polynomials are anotherrelated, but less common
orthogonalpolynomial series[3].

In this study we evaluatethe useof thesetwo polynomial
transformationsas a meansof automatingand objectively
guantifying featuresfrom biomedicalinstrumentdatato sup-
port diagnostic classi cation and clinical decision support
for eye disease.Speci cally, given a multi-classset of data
where each record representsthe surface featuresof the
cornea,we examinewhetherit is possibleto reconstructthe
surface,capturingthe relevant anatomicalfeaturesneededor
successfutlassi cation, while at the sametime reducingthe
dimensionalityof the data.We accomplishthis by usingthe
polynomial coefcients from the transformedmagesasinput
featuresfor classi cation experimentswith decision trees,
neuralnetworks, andtwo Bayesian-basedlassi ers. We also
examine the effects of meta-learningon the above classi -
cation methods.Our initial expectationswere that increasing
the polynomial order of the transformationwould improve
classi cation results.However, our datashaved otherwise.

In Sectionll we provide backgroundn the domain-speci ¢
applicationaddressedn this study Sectionlll describeshe
Zernike and pseudo-Zerni& polynomial series,their use in
spatialdatatransformationandour reasongor selectinghem.
The transformationprocessis detailedin SectionlV and our
experimentalmethodsarelisted in SectionV. We presentour
resultscomparingmodel delity andclassi cationaccurag in
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SectionVI. We cover relatedclinical work in SectionVIl and
concludewith a discussiorandinterpretationof our resultsin
SectionVIIL.

Il. BIOLOGICAL BACKGROUND

Image formation in the humaneye begins when entering
light is focusedby the corneapasseshroughthe pupil, andis
further focusedby the lens,forming animageon the retinaat
the backof the eye. Sincelight mustpassthroughthe cornea,
clearvision dependsvery much on the optical quality of the
cornealsurface, which is responsiblefor nearly 75% of the
total optical power of the eye [4]. The normal corneahas
an asphericpro le that is more steeplycurved in the center
relative to the periphery Subtle distortionsin the shapeof
the corneacan have a dramatic effect on vision. For this
reasonthe shapeof the cornealsurfaceis measurealinically
for the treatmentand diagnosisof eye disease.The process
of mappingthe surface featureson the corneais known as
cornealtopagraphy[5].

A. Clinical Use of Corneal Topagraphy

The use of corneal topograply has rapidly increasedin
recentyearsbecausef the popularityof refractve sulgeryand
the decreasedostof powerful personactomputersRefractive
sumgery is an electve sumical treatmentintendedto reduce
one's dependenceon glassesor contact lenses. The most
commonsugical treatmeniperformedfor this purposeis laser
assistedn-situ keratomileusigLASIK). Cornealtopograply is
usedto screempatientsfor cornealdiseaseprior to this sugery
andto monitor the effects of treatmentafter

Another clinical applicationof cornealtopograply is the
diagnosisand managemenbf keratoconusKeratoconusa
progressie, non-in ammatorycornealdiseasedistortscorneal
shapeandresultsin poor vision that cannotbe correctedwith
ordinary glassesor contactlenses.Patientswith keratoconus
frequently seek refractive surgery due to their poor vision.
However, such treatmentexacerbatescorneal distortion and
frequently leadsto cornealtransplant.Thus, cornealtopog-
rapty is a valuabletool for diagnosisand managemenbf
keratoconusas well as for the prevention of inappropriate
refractive suigery in this patientgroup.

B. Determinationof Corneal Shape

The mostcommonmethodof determiningcornealshapeis
to recordanimageof a seriesof concentriaingsre ectedfrom
the cornealsurface.Any distortionin cornealshapewill cause
a distortion of the concentricrings. By comparingthe size
and shapeof the imagedrings with their known dimensions,
it is possibleto mathematicallyderive the topograply of the
cornealsurface.

Figure 1 shavs an example of the output producedby a
cornealtopographefor a memberof eachpatientclassin our
dataset.Theserepresentllustrative examplesof eachclass,
i.e. they are designedto be easily distinguishableby simple
visual inspection. The top portion of the gure shaws the
imaged concentricrings. The bottom portion of the image

Fig. 1. Characteristiccornealshapesfor eachof the three patientgroups
(easily-distinguishabléor illustrative purposes)Thetop imagesshaw pictures
of the corneaand re ected concentricrings. The bottom shavs the false-
color topographicalmapsrepresentingcorneal curvature, with an increased
cunature given a color in the red spectrum,decreaseccunature in blue.
From left to right: Keratoconusjndicatedby the central steepeningof the
cornea;Normal; and post-LASIK, with the typical central attening of the
cornea.

shavs a false color map representinghe surface curvature
of the cornea.This color mapis intendedto aid cliniciansand
is largely instrument-dependent.

Thereis alack of broadlyacceptedgtandardemongdomain
expertsandinstrumentmanufcturersaboutthe bestmethodof
interpretationMany alternatvesexist, but in clinical practice,
domain expertiseis the usual basisfor interpretation,which
resultsin a qualitative task of patternrecognitionfrom the
false color maps.The motivation to apply machinelearning
techniquesto the classi cation of this dataincreasesas the
featuresthat distinguish betweenpatient cateyories become
more subtle, the costs of misclassi cation rise, or domain
expertiseis reduced.

The datafrom the topographeusedin our study consistof
a 3D point cloud of approximately7000 coordinatesarrayed
in a polar grid. The heightof eachpoint z is speci ed by the
relationz = f (; ), wherethe heightrelative to the corneal
ap« is a function of radial distancefrom the origin ( ) and
the counterclockwise angulardeviation from the horizontal
meridian( ). The inner and outer bordersof eachconcentric
ring consistof a discreteset of 256 data points taken at a
known angle , but a variabledistance , from the origin.

The numberof datapointsis a function of thetopographes
samplingresolutionandshouldbe high enoughto captureary
surfaceirregularitiesthatmight be presentUsing this raw data
asafeaturevectorfor classi cationwould likely resultin poor
performanceln addition,it doesnot provide meandor clinical
decision support. We would like to say that a patient was
classi edin a certainway dueto speci c anatomicafeatures.
Therefore,in order to run our experiments,we must rst
transformthe dataandexposethe spatially-correlatedeatures.



I11. SPATIAL TRANSFORMATIONS

A numberof transformationmethodsexist, but regardless
of the methodselectedt must meetcertaincriteria. First, it
should presere the important featuresthat may exist in the
dataaswell asary correlationsamongthem. Secondjt must
reducethe dimensionalityof the data. Reducingthe feature
spaceancreasesheinterpretabilityof theresultsandallows for
comparisongo be madebetweenobjectsthat have undegone
the sametransformation.While not explicitly required, we
would also prefer a method that maintains an anatomical
correspondencdetweenthe original data and the created
model.Thiswill allow usto visualizeour classi cationresults,
aidingin in clinical decisionsupport[6]. In the sectionbelow,
we describethe Zernike and pseudo-Zerni& polynomials two
transformatiormethodsthat ful Il our requirementand have
previously beenusedin imageanalysis[3].

There are a numberof reasonsfor choosingZernike and
pseudo-Zerni&s as a transformationmethod. First, Zernike
polynomialswere originally derived to describeoptical aber
rations and their geometricmodeshave a direct relation to
the optical function of the eye [2], [7]. Second,several of
the circular polynomial modesof Zernike polynomialsshav
strong correlation with natural anatomical features of the
corne&i.e. normalcornealasphericityandastigmatictoricity).
Previous studieshave indicatedthat for the samepolynomial
order pseudo-Zerni& polynomialsmoreaccuratelynodelthe
corneal surface than Zernike polynomials[8]. Their perfor
mancein classi cation, however, has not beenexaminedto
date.

A. Zernike Polynomials

Zernike polynomialsare a seriesof circular polynomials
de ned within the unit circle. They are orthogonalby the
following condition:

Z 2 Z 1
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where is the Kronecler delta. Their computationresults

in a seriesof linearly independentircular geometricmodes
that are orthonormalwith respectto the inner productgiven

above. Zernike polynomialsare composecdf three elements:
a normalization coefcient, a radial polynomial component
and a sinusoidalangular component[9]. The generalform

for Zernike polynomialsis given by:
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where n is the radial polynomial order and m represents
azimuthal frequeng. The normalizationcoefcient is given
by the squareroot term precedingthe radial and azimuthal
componentsTheradialcomponenbf the Zernike polynomial,
the secondportion of the generalformula, is de ned as:
(n jYmi)=2
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TABLE |
TOTAL NUMBER OF COEFFICIENTS FOR EACH TRANSFORMATION AS A
FUNCTION OF THE POLYNOMIAL ORDER.

Transform 4 5 6 7 8 9 10
Zernike 15 21 28 36 45 55 66
Pseudo-Zermnik | 25 36 49 64 81 100 121

Note that the value of n is a positive integer or zero. For a
givenn, m canonly take thevalues n, n+ 2, n+ 4,
..., N. In otherwords,m jnj = evenandjnj m. Thus,
only certaincombinationsof n andm will yield valid Zernike
polynomials.Any combinationthatis not valid simply results
in a radial polynomialcomponenif zero.

Polynomials that result from tting our raw data with
thesefunctionsare a collection of approximatelyorthogonal
circular geometricmodes.The coefcients of eachmodeare
proportionalto its contritution to the overall topograply of the
original imagedata.As a result,we caneffectively reducethe
dimensionalityof the datato a setof polynomial coefcients
that represenspatialfeaturesfrom the original data.

B. Pseudo-Zerni& Polynomials

Pseudo-Zernikpolynomialsare anotherfamily of orthogo-
nal polynomialfunctions[3]. Like Zernike polynomials,these
functions are an in nite seriesof circular modesthat are
orthogonalover the normalizedunit circle. The generalform
for pseudo-Zerni& polynomialsis given by:
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for oddn; m 6 0
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Similarly, theradial portion of the pseudo-Zerni&polynomial
is de ned as:

nXmJ N
m _ ( 1°@2n+1
PRy ()= si(n m

s=0

S)I n S
s)itn+ m+ 1 s)!

®)

and is relatedto the radial componentof the Zernike series
in the following manner:
PRY()=2ZRIE () ®)
One differencebetweenpseudo-Zerni& and Zernike poly-
nomials is that with pseudo-Zerni& polynomials, the only
constrainton m is thatjmj  n. Thisresultsin the generation
of (n+ 1)? linearlyindependenpolynomialsfor agivendegree
n, as opposedto the %(n + 1)(n + 2) polynomialsthat are
generatedor a Zernike polynomial of the samedegree.
Whendiscussingour datatransformationswe oftenreferto
Zernike or pseudo-Zerni& polynomialsof a certainorder(n).
Eachorderis comprisedof a varying numberof coefcients.
We provide the number of coefcients for each order and
transformatiorthat we testedin Tablel. Sincethe seriesare
orthogonal,all of the lower order coefcients are contained
within the higherordertransformations.



IV. IMPLEMENTATION DETAILS

Our datatransformationmethodis basedon methodsde-
scribed in detail by Schwigerling et al. and Iskander et
al. [10], [11]. In summary the datais modeledusing either
polynomial transformatiormethodover a userselecteccircu-
lar region of variable-diametercenteredon the axis of mea-
surement.The generationof the Zernike and pseudo-Zerni&
model surface proceedsin an iterative fashion,computinga
point-by-pointrepresentationf the original dataat eachradial
andangulariocationup to a userspeci edlimit of polynomial
compleity. The polynomial coefcients of the surface are
computedoy performingaleast-squares$ of themodelto the
original data,using standardmatrix inversionmethodg[10].

The polynomials producedin this mannerare orthogonal
or approximatelyorthogonal However, it may not necessarily
be the casethat polynomials t to discrete data using the
least-squareprocessare orthogonal. This is especiallytrue
whenusingradial samplinganda smallnumberof datapoints.
However, for alarge numberof datapoints,asis the casehere,
they will be approximatelyorthogonal[12]. Given a small
numberof points,however, a Gram-Schmidbrthogonalization
procedurecan be usedto ensureorthogonality[13].

Oncewe have computedthe polynomial coefcient vector
we computethe residual,or root-mean-squaréRMS) error
betweenour surfacemodel and the actualinstrumentdataby
the following relationship:

RMS = p% Co Cu )
with €y representinghe model surface createdusing the
coefcients computedthrough least-square®stimation, Co
theoriginalinstrument-basesdurfaceelevations,D the number
of datapointsandk k the Euclideannorm.RMS erroris just
one of mary methodsusedto evaluatethe goodness-of- tof

a model. Alternate measuresan be employed if desired.

V. EXPERIMENTAL SETUP

In this sectionwe provide a descriptionof our datasetand
a summaryof the experimentsperformed.

A. Experiments

1) Fidelity of Spatial Transformations: Thereis no con-
sensuswithin the vision community as to what parameters
one shouldusewhencomputinga Zernike or pseudo-Zerni&
polynomial transformationon cornealtopograply data.lt is
possibleto vary both the number of data points and the
polynomial order Eachhave an affect on the computational
costof the transformationThe former changeghe size of the
region of interest(maximum radius from the image center),
while the latter controls the nal number of coefcients.
Choosingthe correctradiusis crucial. If it is too small, the
relevant surfacefeaturesmay not be captured.f the radiusis
too large, thereis a chancethatthe outerringswill not contain
a “complete” set of datapoints, which can occur due to the
presencef a noseor eyelid shadev in the image.Having an
incompletering will causeerrorsin thetransformatiorprocess,
producinga numberof unwantededgeeffects.We electto test

four differentradii valuesthatwe felt wereappropriatdor our
application:2.0, 2.5, 3.0 and 3.5 mm.

While we are primarily interestedin using thesetransfor
mationsasinput for classi cation,we would like to know the
delity of our surfacemodels.The rst stepin this evaluation
is to corvert the original datarecordsinto their equivalent
Zernike and pseudo-Zerni& polynomial representationsWe
compute4th through 10th order Zernike and pseudo-Zerni&
transformationson the four radii values mentionedabove,
yielding atotal of 56 transformationgor eachrecord(7 orders
* 4 radii * 2 polynomial series).To testtheir effectivenessas
a modelingmethod,we calculatethe averageRMS error for
eachpatientclassover eachorderand radius.

2) Classi cation: The next setof experimentsinvolvesan
extensve comparisorof severalpopularclassi cationmethods
to determinewhich performed best with respectto classi-
cation accurag, where accurayg is de ned as the number
of correctclassi cationsdivided by the total, expressedas a
percentageThe classi cation methodsthat we testincludean
ID3-baseddecisiontree (C4.5 [14], Voting Featurelntenals
(VFI) [15], Nave Bayes(NB) [16], RandomForests(RF) [17]
and a neuralnetwork (NN) [18]. We run eachclassi er with
boosting (BsY) [19] and bagging (Bag) [20], except for the
neural network and randomforests,which we do not boost
or bag.We conductall of our classi cationexperimentsusing
the Weka Data Mining Toolkit v3.41. All experimentswere
run using ten-fold cross-alidation [21]. A brief description
of the classi cation algorithmsand experimentalprocedures,
aswell asa comprehensk list of results,are provided in an
online Appendix at the web addressgiven below?.

For theID3-basedlecisiontree,we chooseC4.5. The Weka
versionof C4.5implementsRevision 8, the last public release
of C4.5[14], [22], [23]. We usethe following parametersn
our experiments:binary splitting on attributes, con dence of
0.25,andaminimumnumberof 2 instancepernode.With the
VFI experimentswe setthe bias parameteito 0.6. We keep
Weka's default settingswhenclassifyingwith RandomForests
(10 iterations).For the neural network, we use a multi-layer
perceptrontrained using back propagtion [18]. We evaluate
a number of different parametersettings, but achieved the
highestaccurag whenthe perceptronis setto autoluild and
run for 500iterations with alearningrateof 0.3,amomentum
of 0.2, anda single hiddenlayer containingas mary nodesas
thereare attributesin the featurevector

For the baggingexperimentswe setthe bagsize parameter
to 100% and the number of iterationsto 10. The boosting
experimentsuse AdaBoost.M1[19] with a weight threshold
of 100, acain over 10 iterations.The baseclassi ers that are
boostedand baggeduse the same parametersas the non-
boostedand non-baggedrersions.

B. Dataset

The dataseffor theseexperimentsconsistsof the examina-
tion dataof 254 eyesobtainedfrom a clinical cornealtopogra-
phy systemthe Optikon Keratron.The datawas examinedby

Ihttp://www.cs. waikato.ac.nz/ ml/weka/
2http:/lwww.cse.ohio-state.edukrini/titb06/



TABLE I
PARTITIONS OF THE DATASET USED IN THE VARIOUS CLASSIFICATION
EXPERIMENTS.

Name | Description

all Classify betweenall patientgroups
(Normal, Keratoconusaind LASIK)

K-L Classify betweenKeratoconusand LASIK

K-N Classify betweenKeratoconusand Normal

L-N Classify betweenLASIK and Normal

NL-K | CombineNormal andL LASIK into one group
and classify againstKeratoconus.

an expert and divided into threegroupsbasedon the clinical
diagnosis.The divisions are given below, with the numberof
patientsin eachgrouplisted in parentheses:

1) Normal(n = 119

2) Post-operatie myopic LASIK (n = 36)

3) Keratoconugn = 99)

The differencein corneal shapebetweenthe patient groups
is as follows: comparedwith normal corneas post-operatie
myopic LASIK corneasare distorted, but generally have
a atter than normal center curvature with an annulus of
greaterthan normal curnvature in the periphery(Right panel,
Figure 1). Corneasthat are diagnosedas having keratoconus
arealsomoredistortedthannormalcorneasUnlike the LASIK
corneasthey generallyhave localizedregions of steepethan
normal curvature at the site of tissuedegenerationbut often
have normal or atter thannormal curvature elsavhere (Left
panel,Figure1).

To determinewhether using a simpler two-classdataset
hasary effect on accurag, we repeatall of our classi cation
experimentsusing different subgroupsof the original dataset.
The different subgroupspor partitions, are listed in Table Il.
The all partition re ects the original datasetthe othersthe
two-class subgroups.One note on the NL-K partition: The
NL-K group combinesthe normal and LASIK corneasinto
one class and placesthose labeled as having keratoconus
into the other The intent of this testis to seehow well we
could distinguishnormaleyes (both with andwithout surgical
treatment)from diseased.

VI.

In the following section, we discussthe results of our
experiments.In an attemptto improve readability we only
presenta subsetof the overall results. Also, rather than
focus on speci ¢ numbers,we discussthe overall trends.
For the interestedreadey we provide a completelisting of
all experimentalresultsin the previously-mentionedonline
Appendix. In all of the resultstables, Order refers to the
polynomial order of the transformation(4 to 10) and Radius
the maximumradiusexamined(2.0, 2.5, 3.0 or 3.5 mn). The
pseudo-Zernik valuesare labeledas PZ, while the Zernikes
are denotedwith a Z. The valueslisted under the Dataset
columnrefer to the datasefpartitionslisted in Tablell.

For the classi er labels,we generallyrefer to the full name
of theclassi er, thoughwe do abbreviate on occasionlIn those
instancesC4.5refersto the C4.5decisiontree, VFI to Voting

RESULTS

Featurelntenals, NB to the simpleNave Bayesclassi er, RF
to RandomForestsand NN to classi cation by multi-layer
perceptron.Unless otherwisenoted, all classi cation results
are listed as the percentageof correct classi cation for the
dataset.For a given set of parameterswe list the methods
that provide the highestaccurag valuesin bold type.

A. Fidelity of Spatial Transformations

Our rst setof experimentds to comparethe delity of the
modelsgeneratedy the spatialtransformationgliscussedn
Sectionlll. We computethe residualmodelingerror for each
patientclassas a function of the polynomial order for each
diameter

In Figures 2 (a) and (b), we presentthe average RMS
error by patient classfor eachtransformationas a function
of the radiusand polynomialorder respectiely. We nd that
for the sameordetr the RMS error for the pseudo-Zernig
transformationis abouthalf that of a Zernike. A moresizable
differenceis found betweerthe differentpatientgroups.Kera-
toconuscorneasareassociatedvith residualerrorsgreaterthan
normaleyesandLASIK eyeshave approximatelythe sameor
slightly greaterresidualerror than normal. Theseresultshave
anatomicabalidity, asa patientsuffering from keratoconuss
likely to have much greaterdistortion of cornealshapethan
either normal or LASIK eyes and thesedistortionswill be
moredif cult to modelaccurately

In addition, residualerror increasesalong with the radius
of transformationAs the radiusincreasesthe numberof data
pointsthatmustbeconsideredncreasesiswell. Thisresultsin
alargersurfacethatmustbe modeledandsincethe compleity
of the transformationremainsthe same,we are left with a
larger error We also nd thatin mostcasesas the radiusof
the transformatiorincreasesthe residualerror of the pseudo-
Zernike transformatiorgrows at a slower ratethantheresidual
errorof a correspondingernike transformationThis effectis
more pronouncedat lower polynomial ordersand agreeswith
previous studies|[8].

Also of note is that residual error appearsto be related
to the numberof coefcients usedin the transformationFor
instancea 7th order pseudo-Zernik transformatiorresultsin
a polynomialwith 66 coefcients. A 10th orderZernike trans-
formationwill yield a polynomialwith 64 terms.Comparing
the averageresidualerrorsfor thesetwo transformationswe
nd thatthey are eitheridentical, or the error of the Zernike
modelis smaller Similar trendsare seenwhencomparingthe
othertransformationsvith similar numbersof coefcients (6th

PZ and8th Z, 5th PZ and 7th Z, 4th PZ and 6th Z).

B. Classi cation

Here we describeour classi cation results.While we orig-
inally conductedour experimentsusingboostingand bagging
with the C4.5,Nave BayesandVFI classi ers,we foundthey
only hada positive effect on the decisiontrees.Thus,we have
decidedonly to presentthe ensemble-learningesults with
C4.5.In addition, due to spaceconstraintswe focus mainly
on the all partition. Trying to distinguishbetweenthe three
patient classespresentsthe greatestclassi cation challenge.
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Norm - Normal) and transformation(PZ - pseudo-Zernik, Z - Zernike). (b) RMS error (m ) as a function of polynomialorder The t radiusis x ed at
3.5mm. The erroris shawvn for eachpatientclassand transformationFor clarity, error barsare not shavn, but the magnitudeof the standarddeviation is
typically 40 to 50% of the meanfor the normaland LASIK valuesand similar in magnitudeto the meanfor the keratoconusvalues.

We mentionresultsobtainedfrom the other datasetpartitions
wheregermane.

1) Accumacy versus Radius: When examining the classi-
cation resultsusing the standardclassi ers,we nd thatin
mostcasesastheradiusincreasesthe classi cationaccuracy
increasesas well. We presentheseresultsgraphicallyin Fig-
ure 3. To improve readability we limit the graphto justthe 4th
order Zernike resultson the all partition. Theseresultswere
choserbecausehey areillustrative of the trendsseenwith the
other transformationsThe numbersfor eachorder over the
differentpartitionstendto vary slightly, but the overall trends
remain the same. The direct relationshipbetweenaccurag
and radiusis apparentfor every classi er except the neural
network with the higherorderpseudo-Zerni& transformations
(7th and above). In thesecases,accurag tendsto drop as
the radius is increasedHowever, for the Zernike and low-
order pseudo-Zernik transformationsthe direct relationship
holds. This relationshipis likely due to the fact that when
we increaseour surface model, we are betterable to capture
the surfaceirregularitiesthat distinguishbetweerthe different
classesFor example,with a small radius,a corneasuffering
from keratoconusmight representas normal if the corneal
bulge is not central.Using a larger radiusvalue decreasethe
chanceof sucha misclassi cation.

2) Order versus Accuracy: When discussingthe rest of
our classi cation results,we focus on thoseachieved with a
transformationradius of 3.5 mm. Using this radius ensures
that we capturemost, if not all, of the irregularities that
may be presentover the measureddiameterof the corneal
surface.lt alsotendsto producethe highestaccurag values.
Table lll shavs the accurag resultsof the classi ers tested
on thatradiusfor eachdatasefpartition. While increasingthe
radiusgenerallyhasa positive effecton classi cationaccuray,
no such trend emeges when the polynomial order of the
transformations increased.

For the C4.5classi er, we nd that classi cation accurag
stayedfairly constant(within one or two percentagepoints)
asthe polynomial orderis increasedIn addition, thereis not
a greatdeal of differencein classi cation accurag between
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Fig. 3. Accuray as a function of transformationradius (in mm ) for the

standardclassi erstested:C4.5, Voting Featurelntenals (VFI), Naive Bayes
(NB) and a neuralnetwork (NN). The graphdepictsresultsfor a 4th order
Zernike transformatioron the all datasetpartition.

the two transformationsThe C4.5 decisiontreesconsistently
provide classi cation resultsabove 85% , and some dataset
partitions (K-L and L-N), have accurag resultsabose 90%.

The Random Forest classi er remains stable as well, with

accurag ranging between87% and 90%, which is roughly
the sameas for C4.5with boostingor bagging.

Unlikethe C4.5readingswhich stayfairly constantthe VFI
resultstendto follow a bell-shapegattern.They improve until
the 6th or 7th order thendecreaseOn the 6th and 7th orders,
however, VFI provides comparableresultsto C4.5. The only
exceptionis with the K-L partition, wherethe resultsbecome
muchworseasthe polynomialorderis increasedThis effectis
especiallypronouncedn the pseudo-Zernik transformation.

The Nave Bayes classi er provides acceptableresults
(above 80%) for lower order transformations,but as the
polynomial orderis increasedaccurag dropsratherquickly.
The only real exceptionis whenclassifyingthe L-N partition.
For that dataset classi cation accurag remainsabose 90%,
likely becausethe patientswithin that partition are easily
separatedy a couple of attributes. Adding the Keratoconus



TABLE 1lI
CLASSIFICATION ACCURACY FOR ZERNIKE AND PSEUDO-ZERNIKE TRANSFORMATIONS AT EACH POLYNOMIAL ORDER WITH A RADIUS OF 3.5 mm

Bagged Boosted Nave Random Neural
Data- C4.5 C4.5 C4.5 VFI Bayes Forests Network
Order Set | (PZ) (@ | P2) @) | PZ) @ | P2y @ | PZ) @ | P2y @ | P2 (@
4 all 86 87 89 89 90 89 89 84 86 87 90 89 86 85
5 all 86 88 88 90 90 89 89 88 81 85 90 89 87 85
6 all 87 87 88 90 88 89 88 89 76 83 88 90 82 86
7 all 88 85 90 88 90 88 88 88 71 78 89 88 78 86
8 all 86 86 89 89 89 89 85 88 71 75 87 89 76 84
9 all 84 87 89 89 88 89 84 86 71 74 87 88 70 87
10 all 88 86 90 88 89 89 81 86 68 73 87 87 50 81
4 K-L 92 92 95 92 95 95 95 88 81 82 96 94 85 85
5 K-L 90 93 93 93 96 95 93 92 68 77 96 95 85 85
6 K-L 91 94 93 94 94 97 91 93 60 72 95 97 83 85
7 K-L 92 94 93 94 96 96 90 92 54 66 95 96 81 84
8 K-L 92 92 94 93 95 96 82 89 52 60 93 95 81 85
9 K-L 92 92 95 93 96 96 76 88 49 59 93 95 76 86
10 K-L 93 92 93 93 96 96 69 84 53 56 92 94 58 85
4 L-N 95 93 97 95 96 96 94 91 96 96 98 96 98 95
5 L-N 95 94 97 95 96 96 94 91 95 95 98 96 97 97
6 L-N 96 95 97 96 96 96 94 95 95 96 98 98 96 97
7 L-N 97 95 98 96 97 96 92 95 94 94 97 98 97 97
8 L-N 96 95 97 96 96 96 92 94 94 93 97 97 96 98
9 L-N 97 95 97 96 97 95 91 94 93 93 96 96 96 96
10 L-N 96 95 97 96 96 95 91 92 91 94 96 96 95 95

80 -

Accuracy (%)

M C4.5-Bst

X C4.5-Bag

B> RF

A NB

| VFI

V NN
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Fig. 4. Accuray asa functionof polynomialorderfor the classi erstested:
C4.5, C4.5 with bagging (C4.5 - Bag), C4.5 with boosting (C4.5 - Bst),
Voting Featurelntenals (VFI), Naive Bayes(NB), a neural network (NN)
andRandomForests(RF). Graphdepictsresultsfor anincreasingpolynomial
orderona 3.5mm radiusZernike transformatioron the all datasepartition.

patientsblurs this separationWe surmisethat the dropin the
accurag of the Nave Bayesclassi er asthe orderincreases
is dueto anincreaseamountof noisein the suriacemodel. A
similar algumentappliesto the VFI classi er asit is basedon
a Bayesianmodel as well. The neural network suffers from
the samefate as the Nave Bayes,thoughthe effect is more
pronouncedn the pseudo-Zernik datasets.

3) Numberof Coefcients versus Accuracy: When exam-
ining the accurag of C4.5, C4.5 with boostingor bagging,
VFI, or RandomForestson the transformationsvith a similar
numberof coefcients (8th PZ and10th Z, 6th PZ and8th Z,
5th PZ and7th Z, 4th PZ and6th Z), onecanseethatthereis
no real differencebetweenthe accurayg of Zernike or pseudo-
Zernike polynomials.For a few classi erson the smallerradii
values,C4.50n the K-L partitionwith a radiusof 2.0 mm for

instancewe nd that the pseudo-Zerni& transformationac-

tually doesoutperformthe correspondingZernike polynomial.
In this case,the pseudo-Zerni& transformationyields a 6%

improvementover Zernike. The oppositeoccurswith the L-N

partition,however. Thereasorfor thisdiscrepang is likely due
to thefactthatthe surfacefeatureghatdistinguishthe corneas
in thesepartitionsare outsidethe scopeof the transformation
radius.A Zernike polynomial can effectively modela surface
irregularity, but not if it is beyond the diameterof the area
of interestbeing modeled.If the irregularity is not included,
it will not be modeled,no matterhow mary additionalterms
areincluded.

VII. RELATED WORK

Iskandetet al. [11] developeda methodof modelingcorneal
shapeusing Zernike polynomialswith a goal of determining
the optimal numberof coefcients to usein constructingthe
model. In a follow-up study the samegroup concludedthat
a 4th order Zernike polynomial was adequatein modeling
the majority of cornealsurfaces[24]. In a earlier study our
group showved that with Zernike polynomials, lower order
transformationsvere ableto capturethe generalshapeof the
corneaandwere unafectedby noise[25]. We alsofound that
higher order transformationswere able to provide a better
model t, but were also more susceptiblego noise.

A numberof studieson the classi cation of cornealshape
have beenproducedhat usestatisticalsummariego represent
the data[26], [27]. Thesestudiesusedmulti-layer perceptrons
or linear discriminantfunctionsin classi cation. Smolekand
Klyce have done a great deal of work into modeling and
classifyingcornealtopograply [28]. They have examinedthe
problemof distinguishingbetweennormal and post-operatie
corneasthrough the use of one-dimensionalwavelets and
neuralnetworks[28], [29]. They reportimpressve results,but



usea very small datasetin their experiments.To the bestof
our knowledge,our groupwasthe rst to usedecisiontreesfor
cornealclassi cation. In our initial study we attain accurag
valuesrangingfrom 85% with standardC4.5to the mid-90s
with C4.5 and variousmeta-learningechniqueg25].

VIII. DiscussiON

While accurag is the most important factor to consider
when choosinga classi cation stratey, anotherattribute that
shouldnot beignoredis the overall interpretabilityof the nal
results.Decisiontreeshave often beenfavoredover (possibly)
moreaccuraté'black-box” classi ers suchasneuralnetworks
becausehey provide more understandablessults.In medical
image interpretation,decision support for a domain expert
is often preferredto an automatedclassi cation madeby an
expert system.While it is importantfor a systemto provide a
decision,it is often equally importantfor cliniciansto know
the basisfor an assignmentDecision treesprovide a more
transparentview of how theseclassi cations are derived as
well asthe featuresinvolved.

In TablelV we summarizeéhe comparisonsf this study We
list eachclassi er testedaswell ashow it faresin thefollowing
catgjories: accuiacy, speed or the time neededo createthe
classi cationmodel;scalability, or whetherincreasinghe size
of the datasetffectsthe modelcreationtime; interpretability,
if the criteria usedfor classi cation can be gleanedfrom the
classi cationmodel; and stability, how the accurag variesas
the datasetthanges.

Overall, we found the speed,accurag, stability and inter
pretability of decisiontreespreferableio othermethoddor this
dataset.The accurag of C4.5was amongthe highestof the
standarctlassi cationmethodsandit canbe improved further
throughmeta-learnindechniquesuchasboostingor bagging.
We obsenred thatwhenthe adaBoostlgorithmwascombined
with C4.5,our bestclassi cationresultswere achiered with a
fourth orderpolynomialmodel.With bagging,the bestresults
were achieved with a fth order model. This improvement
comesat a loss of speedand interpretability however.

RandomForeststendedto perform as well as C4.5 with
boostingor bagging. The RandomForestsalgorithm creates
multiple decisiontreesduring eachclassi cationrun, incorpo-
rating a form of bagginginto its hormal operation,so those
results are not surprising.Voting Featurelntenals provides
reasonablyhigh accurag, but the classi cation modelis not
as stableasthat of a decisiontree, with accurag decreasing
asthe polynomial orderincreasesThe samewastrue for the
Nave Bayesclassi er. A likely explanationfor this resultis
that higher order polynomial modelstendto t both features
and noise,which could reduceaccurag. This could be a big
disadwantagein caseswhere higher order polynomials are
neededo faithfully capturefeaturesin otherapplicationsnot
consideredhere.

We foundthatthe neuralnetwork wasalsomuchlessstable
thanthedecisiontreealgorithms suffering from a similar drop
in accuray athigherordersasseenwith VFI andNa've Bayes.
Again, thisis likely dueto theincreasedumberof coefcients
and larger degree of modelednoise. In additionto the lack

TABLE IV
COMPARISON OF CLASSIFICATION METHODS. C4.5 REFERS TO THE
DECISION TREE CLASSIFIER, NN TO THE NEURAL NETWORK, VFI TO
VOTING FEATURE INTERVALS AND NB TO NAIVE BAYES. META REFERS
TO C4.5 WITH BOOSTING (OR BAGGING) AND RANDOM FORESTS.

Criteria  C45 NN VFI NB META
Accuray + T T+
Speed + - + + _
Scalability + - + +
Interpretability — ++ —_ _ _ _
Stability — ++ - - _ T+t

of stability, the time neededto constructand testthe neural
network wasmuchgreaterthanall of the othermethodgsested.
While we couldclassifyall of our datasetén just minuteswith
C4.5,VFI or Nave Bayes,or a few hourswith the ensemble-
learningalgorithms,it took daysto completea single neural
network test.

The agumentcould be madethat a different set of neural
network parametersnight yield faster superiorresults,espe-
cially on the higherorderdata.Sucha claim may be true, but
the sameargumentcould be madefor every other classi er
as well, except for Nave Bayes, which is parametefree.
Furthermore we testeda large numberof different network
parametewralues varyingthe numberof trainingiterationsand
hiddenlayers,whetherthe learningrate was setto decay or
a if validation setwas used.Thoseresultswere much lower
than the resultsreportedhere — often by 20-25%. While it
can be argued that our chosennetwork structuremay been
inadequatethereis no systematicmethodfor determininga
betterone.

In light of our ndings, there doesnot appearto be ary
benet to using pseudo-Zerni& polynomials as a transfor
mation method. Previous studiesstatedthat the lower RMS
error of pseudo-Zernig& polynomialsimplied that they were
more robust to noise and thereforewould provide a more
faithful surfacemodel[8]. Thosecomparisonsvereonly made
over equialentpolynomialorders,however. Whencomparing
the absolutenumberof coefcients, we nd that a Zernike
transformationyields an equal or higher delity model than
the correspondingpseudo-Zerni& polynomial.

In addition,we nd that anincreasein the delity of the
surface model doesnot translateinto improved classi cation
performancelf the additionalinformationwereindeeduseful
in distinguishingbetweenthe patientclassesaccurag would
increasealongwith the polynomialorderof thetransformation.
The highestaccurag generallyoccurswhen classifyingwith
a 4th, 5th or 6th order Zernike model, regardlessof patient
catgyory. Theseresults suggestthat overall, a fourth order
polynomial has both sufcient compleity and the delity
neededo correctly distinguishthe clinical conditionsstudied
here.

Several possiblevariationsto our stratgy exist that may
helpto optimizethis classi cationexercisefurther Traditional
ensemble-learningechniquedike boostingand baggingim-
prove performanceby aggraeating the results of classi ers
built from multiple sampleof the data.We recentlyproposed



a techniquethat seeksto increaseaccurayg by combiningthe
decisionsof classi ers built on multiple spatialresolutionsof
the samedata sample[31]. Such a stratgy could also be
employed here. Also, alternatespatial transformationssuch
as wavelets, which have usedto effectively classify protein
data [30], may be of use.We do not intend to limit these
methodssolely to the classi cation of keratoconusWe plan
further extensionsto provide a generalizedframewnork for
problemsinvolving biomedicaldataanalysisthat can be used
to easily testdifferentrepresentatioomethodsand provide an
impartial assessmerdf each.
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APPENDIX

In the text belonv we provide a very brief overview of the
classi cationalgorithmsusedin this work. For amorein-depth
discussionwe refer the readerto oneof the several bookson
datamining [22].

Bayesiarclassi ersarebasedon Bayes'rule of conditional
probability The simplestmethodis the Na've Bayesclassi er
(NBC) [16]. A NBC classi es an object by calculatingthe
probability of that object belongingto eachof the possible
classesand choosingthe label with the highest probability
Thisis doneby calculatingthe contritution of eachfeature(or
attribute) to a classas a conditionalprobability Thesevalues
are combinedto arrive at a prediction.

Voting Featurelntenvals (VFI) is similar to the NBC in
that eachfeatureis consideredndependentlybut ratherthan
calculatea conditional probability for eachattribute, the di-
mensionalspaceof eachfeatureis divided into a seriesof
intervals with a numberof votesbeingassignedo each[15].
Eachfeaturevotesfor a particularclass,and the classwith
the largest numberof votes becomeshe predictedclassfor
the object.

The principle behind a decision tree (DT) is to select
an attribute at each node and divide the feature spaceinto
increasingly ne-grained regions. The classlabel of an object
is basednthe nal regionin whichit lies. Therearemary DT
algorithms but herewe focuson thosein the ID3 family. ID3-
basedDTs [14] rely on the principle of entrofy to partition
the searchspace.n the caseof classi cation, entropy is used
to representheratio of disagreemenbetweerthe classlabels
of the objectsin a given partition. At eachnodein the DT, an
ID3-basedalgorithmselectghefeaturethatbestminimizesthe
entropy of the partition. Another populardecisiontree-based
stratgy is RandomForests(RFs)[17]. With RFs, ratherthan
constructa singletreeto classifyan object, multiple treesare
constructedandthey all “vote” on a classlabel.

Theneuralnetwork (NN) is anothemethodof classi cation
thathasseenwide usein patientdiagnosisEachnetwork con-
sistsof a speci ed numberof input nodesthatareconnectedo
one of possiblysereral hiddenlayersconsistingof a varying
numberof processingnodes.The hiddenlayer is connected
to a setof output nodes,one per classlabel. Given a set of
training data,the NN will thenattemptto learna functionthat
minimizesthe predictive error

Several techniqueshave been applied to existing classi-
cation methodsin an attemptto improve accurag. These
techniquesare often called meta or ensembke learning
methodsbecausethey combine the output of several other
methodsto achieve their results.We employ two suchmeth-
ods, boosting[19] andbagging[20]. They both reacha deci-
sion throughthe aggreation of multiple hypothesestaking a
userspeci ed classi cationalgorithmandconstructingseveral
differentclassi ers. The resultsof thesemodelsare combined
to reacha nal decision.When constructingthe classi ers, a
differentsampleof the datais selectedwith replacementht
eachiteration.Baggingdravs anindependensamplewhereas
boostingdraws a weightedsample,with misclassi edobjects
carrying a higher weight during the training process.When
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combining the nal results, boostingwill put more weight
on the classi ers built with the misclassi ed objects, while
baggingweighsthe contribution of all underlyingclassi ers
equally

When experimentsare conductedwith n-fold crossvalida-
tion, the datasets dividedinto n testsets(folds) of equalsize.
A classi er is trainedfor n iterations,omitting a differenttest
fold eachtime. The classi er is testedand errors computed
using the omitted fold.

Additional Results

Here we presentthe completeresultsof our experiments.
The RMS errorof eachtransformatiormethodfor eachpatient
class and transformationradius is given in Table V. The
classi cation results for each datasetpartition are listed in
TablesVI - X (all - VI; K-L - VII;  K-N - VIII; L-N - IX;
NL-K - X).



AVERAGE RESIDUAL ERROR (IN M ) FOR EACH PATIENT CLASS FOR EACH TRANSFORMATION (PZ = PSEUDO-ZERNIKE, Z = ZERNIKE) OVER EACH

RADIUS (IN mm ) FOR THE TESTED POLYNOMIAL ORDERS.

Transform Order Normal Keratoconus LASIK

2.0 2.5 3.0 35 2.0 25 3.0 35 2.0 25 3.0 35
PZ 4 012 016 022 031|019 032 049 0.76 ] 0.15 0.22 0.34 0.53
Pz 5 0.09 0.12 0.17 024|014 022 034 051|011 0.15 0.23 0.36
Pz 6 0.07 0.10 0.14 0.20| 0.10 0.17 025 0.39| 0.08 0.12 0.18 0.27
Pz 7 0.05 008 0.11 0.16| 007 0.12 019 0.30]| 0.05 0.08 0.14 0.20
Pz 8 0.03 0.06 0.09 0.14| 0.05 0.08 0.14 0.23| 0.04 0.06 0.11 o0.16
Pz 9 0.02 0.04 0.07 0.11| 004 0.06 011 0.18| 0.02 0.04 0.08 0.12
Pz 10 0.02 003 0.06 0.09| 003 0.05 0.08 0.14| 0.02 0.03 0.06 0.10
Z 4 015 021 029 042|029 052 088 142|021 0.33 0.60 1.02
Z 5 0.12 0.16 022 031|020 033 052 085|016 024 042 081
V4 6 0.10 0.14 0.19 0.26| 0.15 0.24 037 058 0.13 0.18 0.27 0.46
Z 7 0.08 0.11 0.16 0.21| 0.12 0.18 028 042]| 0.10 0.15 0.22 0.34
V4 8 0.07 010 0.14 0.19| 009 0.15 022 0.33]| 0.08 0.12 0.18 0.26
V4 9 0.06 0.08 0.12 0.16| 0.07 0.12 0.18 0.27| 0.07 0.10 0.15 0.22
Z 10 0.05 0.07 0.10 0.14| 006 0.10 0.15 0.22| 0.05 0.08 0.12 o0.18

TABLE V

CLASSIFICATION ACCURACY FOR THE TWO TRANSFORMATIONS (PZ = PSEUDO-ZERNIKE, Z = ZERNIKE) OVER THE all DATASET ON THE TESTED

POLYNOMIAL ORDERS AND TRANSFORMATION RADII.

Bagged Boosted Nave Random Neural
Radius C4.5 C4.5 C4.5 VFI Bayes Forests Network
Order (mm) | (PZ) (@ | (P) (4 | (P2 (D | (P (| (P2) (B | (P (@ | (P (2
4 2.0 76 76 81 80 81 79 84 83 78 80 82 81 79 79
5 2.0 73 74 81 80 80 79 83 83 73 77 81 81 78 79
6 2.0 73 74 81 80 80 80 80 82 70 74 80 81 77 78
7 2.0 75 72 82 79 80 79 81 82 66 71 80 82 77 79
8 2.0 73 74 81 80 80 79 78 82 65 69 80 80 73 80
9 2.0 72 72 80 80 78 80 72 80 63 66 79 80 69 78
10 2.0 72 75 80 82 79 81 71 78 62 66 78 80 48 76
4 25 77 78 83 82 84 82 81 81 84 85 83 83 82 81
5 25 75 78 82 81 83 83 82 79 77 82 83 82 83 80
6 25 76 78 81 83 83 83 81 80 73 79 82 81 74 79
7 25 75 75 82 82 83 83 81 81 69 76 81 83 68 82
8 25 75 77 82 82 83 83 80 81 69 74 80 82 69 78
9 25 75 78 82 82 83 83 81 79 63 72 80 81 48 74
10 25 73 75 82 81 82 83 79 79 62 72 80 80 79 73
4 3.0 79 81 85 84 87 85 87 85 85 87 87 85 86 85
5 3.0 82 81 87 85 87 87 86 86 82 83 87 85 86 85
6 3.0 81 84 87 87 87 88 84 85 77 81 87 87 85 85
7 3.0 80 84 87 86 87 89 86 85 71 78 86 86 76 86
8 3.0 81 85 87 87 87 88 84 85 71 77 87 86 69 83
9 3.0 81 83 87 87 88 89 82 85 66 75 86 87 58 79
10 3.0 79 82 87 87 87 88 81 84 64 73 84 85 52 77
4 35 86 87 89 89 90 89 89 84 86 87 90 89 86 85
5 35 86 88 88 90 90 89 89 88 81 85 90 89 87 85
6 35 87 87 88 90 88 89 88 89 76 83 88 90 82 86
7 35 88 85 90 88 90 88 88 88 71 78 89 88 78 86
8 35 86 86 89 89 89 89 85 88 71 75 87 89 76 84
9 35 84 87 89 89 88 89 84 86 71 74 87 88 70 87
10 35 88 86 90 88 89 89 81 86 68 73 87 87 50 81
TABLE VI
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Bagged Boosted Nave Random Neural
Radius C4.5 C4.5 C4.5 VFI Bayes Forests Network
Order (mm) | PZ) (2) | (PZ) (@ | (PD) (D | (PZ) (2 | (P (O | (P (2 | (PZ) (2
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TABLE VII
CLASSIFICATION ACCURACY FOR THE TWO TRANSFORMATIONS (P Z = PSEUDO-ZERNIKE, Z = ZERNIKE) OVER THE K-L DATASET ON THE TESTED
POLYNOMIAL ORDERS AND TRANSFORMATION RADII.

Bagged Boosted Na've Random Neural
Radius C4.5 C4.5 C4.5 VFI Bayes Forests Network
Order (mm) | P2) (2) | (PZ) (29 | (PD) (D | (P2) (2 | (PE) (0 | (P (2 | (PZ) (2
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TABLE VIl
CLASSIFICATION ACCURACY FOR THE TWO TRANSFORMATIONS (P Z = PSEUDO-ZERNIKE, Z = ZERNIKE) OVER THE K-N DATASET ON THE TESTED
POLYNOMIAL ORDERS AND TRANSFORMATION RADII.



Bagged Boosted Nave Random Neural
Radius C4.5 C4.5 C4.5 VFI Bayes Forests Network
Order (mm) | PZ) (2) | (PZ) (@ | (PD) (D | (PZ) (2 | (P (O | (P (2 | (PZ) (2
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TABLE IX
CLASSIFICATION ACCURACY FOR THE TWO TRANSFORMATIONS (P Z = PSEUDO-ZERNIKE, Z = ZERNIKE) OVER THE L-N DATASET ON THE TESTED
POLYNOMIAL ORDERS AND TRANSFORMATION RADII.

Bagged Boosted Na've Random Neural
Radius C4.5 C4.5 C4.5 VFI Bayes Forests Network
Order (mm) | PZ) (2) | (PZ) (0 | (PD) (D | (P2) (2 | (PE) (0 | (P (2 | (PZ) (2
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TABLE X
CLASSIFICATION ACCURACY FOR THE TWO TRANSFORMATIONS (P Z = PSEUDO-ZERNIKE, Z = ZERNIKE) OVER THE NL-K DATASET ON THE TESTED
POLYNOMIAL ORDERS AND TRANSFORMATION RADII.



