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1 Intr oduction

As radiology becomesdncreasinglydigital and picture archive and communicatiorsystemgPACS) move from re-
searchto developmentand practice,the quantity of digital informationgeneratedhreatenso overwhelmavailable
communicatiorandstoragemedia. While thesemediawill improve with technologythe needfor ef ciency will re-
mainfor inherentlynarrov bandlinks suchassatelliteswireless,andexisting mediasuchastwisted pair which will
remainusefulfor mary years.The expectedgrowth in digital dataasxraysbecomedigital will balancemuchof the
expectedgainin transmissiotbandwidthandlocal storage Typical high resolutiondigital mammogramsequiretens
of megabytedor eachimage. Thetransferof a collectionof studiesfor researctor educatioracrosshe Internetcan
take hours.

Imagecompressiorcanprovide increasesn transmissiorspeedandin the quantity of imagesstoredon a given
disk. Losslesscompressionin which an original imageis perfectly recoserablefrom the compressedormat, can
be usedwithout controversy However, its gainsarelimited, rangingfrom a typical 2:1 compressiot{i.e., producing
computerles of half theoriginal size)to anoptimistic4:1. Seriouscompressiomwf 10:1or moremustbelossyin that
theoriginalimagecannotberecoveredfrom the compressefbrmat;onecanonly recoreranapproximation.

How doesoneevaluatethe approximationlearly the usefulnes®f imagecompressionlependsritically onthe
quality of the processedmages.Quality is anattribute with mary possiblede nitions andinterpretationsgepending
on the useto which theimageswill be put. Sometimest is felt thatfor a compresseimageto be consideredhigh
quality;” it shouldbevisuallyindistinguishablérom theoriginal. Thisis sometimeseferredto as“transparentuality”
or “perceptuallylossless’sincethe useof compressiomn theimageis transparento the viewer. Upon rst consid-
eration, this conceptof visually indistinguishablevould seemto be a simplede nition of a perceptuallyimportant
quality thresholdthateveryonecould agreeupon. Thisis notthe case.Two imagesthatarevisually indistinguishable
whenseenby a certainpersonmay be distinguishablevhenseenby someoneelse. For example,a pair of medical
imagesviewed by lay peoplemay appearidentical, but a radiologisttrainedin viewing thoseimagesmight detect
differences.Similarly, a pair of imagesseenby the samepersonundercertainviewing conditionsmay appeariden-
tical, but whenseenunderdifferentconditionsof ambientlighting, viewing distance pr displaycharacteristicenight
be easilyseento differ. A third issueis thata compresseimagemight differ from the original without necessarily
beingworse To hold up transparenguality asthe ultimatequality goalis to ignorethe possibility that certaintypes
of computerprocessingincluding compression¢anin somecasednake imagesmorepleasingperceptuallythanthe
originals.A fourthissueis thatimageshave differentapplicationsandtheterm“high quality” maybeusedto denote
usefulnesgor a speci c applicationratherthanto indicatethatanimageis perceptuallypleasingor visually identical
to anoriginal. For all of thesereasonsthe measuremertf imagequality is adif ult task,andonly afew researchers
considerquality asa binaryquantitythateithermeetsthetransparenguality standardbr doesnot. No singleapproach
to quality measuremeritasgaineduniversalacceptancer hevariousapproachesanbe cateyorizedinto thefollowing
threegroups:

computablebjective distortionmeasuresuchassquarederroror signal-to-noiseatio,
subjectve quality asmeasuredby psychophysicalestsor questionnairesvith numericalratings,and

simulationand statisticalanalysisof a speci ¢ applicationof theimages,e.g.,diagnosticaccurag in medical
imagesmeasuredby clinical simulationandstatisticalanalysis.

Within this latter category of evaluationmethods,the methodologyof recever operatingcharacteristiqROC)
curves hasdominatedhistorically, but a variety of otherapproachefave beenusedin which radiologistsmay be



calleduponto performvariousinterpretive tasks. Radiologistsdetectandlocalize the diseasemake measurements
of variousstructuresand make recommendationfor patientmanagement.The utility of a medicalimagecanbe
evaluatedn termsof how well it contributesto thesefunctions.

In this chaptey we begin with a brief introductionto imagecompressionandto the 3 differentsetsof medical
imageswhich form the basisof our studies. We discusssignal-to-noiseaatios and subjectve quality ratingsin the
contet of thesedatasets,aswell asROC methodology In the next chapterwe presenthe clinical studiesincluding
detectionmeasuremengndmanagemertasks.andin thefollowing chapterwe discussa numberof statisticalissues
which arisein this sortof clinical experiment.

2 Image Compression

Imagecompressiorseeksto reducethe numberof bits involvedin representingnimage. Most compressioralgo-
rithmsin practicearedigital, beginningwith aninformationsourcethatis discretein time andamplitude.If animage
is initially analogin spaceandamplitude onemust rst renderit discretan bothspaceandamplitudebeforecompres-
sion. Discretizationin spacds generallycalledsampling-this consistof examiningtheintensityof theanalogimage
onaregulargrid of pointscalledpicture element®r pixels Discretizationin amplitudeis simply scalarquantization:
a mappingfrom a continuousrangeof possiblevaluesinto a nite setof approximatingvalues. Thetermanalog-to-
digital (A/D) corwversionis oftenusedto meanbothsamplingandquantization-thatis, the corversionof a signalthat
is analogin both spaceandamplitudeto a signalthatis discretein bothspaceandamplitude.Sucha corversionis by
itself anexampleof lossycompression.

A generabkystemrfor digital imagecompressiofis depictedn Figurel. It consistof oneor moreof thefollowing
operationsyhich maybe combinedwith eachotheror with additionalsignalprocessing:

Original Signal Lossless Compressed

Decomposition | —— | Quantization | ___

Image Coding Bit Stream

Figurel: Imagecompressiosystem

Signaldecomposition The imageis decomposedhto severalimagesfor separatgrocessing.The mostpop-
ular signal decompositiongor image processingare linear transformationof the Fourier family, especially
the discretecosinetransform(DCT), and Itering with a subbandor wavelet Iter bank. Both methodscan
be viewed as transformsof the original imagesinto coefcients with respectto somesetof basisfunctions.
Thereare mary motivationsbehindsuchdecompositions.Transformstendto “mashup” the dataso that the
effectsof quantizatiorerrorarespreacbutandultimatelyinvisible. Goodtransformsconcentratéhedatain the
lower ordertransformcoefcients sothatthe higherordercoefcients canbe codedwith few or no bits. Good
transformgaendto decorrelatehe datawith theintentionof renderingsimplescalarquantizatiormoreef cient.
The eye andearare generallyconsideredo operatein the transformdomain,so thatit is naturalto focuson
codingin thatdomainwherepsychophysicaéffectssuchasmaskingcanbe easilyincorporatednto frequeng
dependenieasuresf distortion. Lastly, the transformeddatamay provide a usefuldatastructure,asdo the
multiresolutionrepresentationsf waveletanalysis.

Quantization High ratedigital pixel intensitiesare corvertedinto relatively small numbersof bits. This op-
erationis nonlinearand nonirvertible; it is “lossy” The corversioncan operateon individual pixels (scalar
guantization)or groupsof pixels (vectorquantization).Quantizationcanincludediscardingsomeof the com-
ponentsof the signaldecompositiorstep.Our emphasiss on quantizerdesign.

Losslescompeession Furthercompressions achiezed by an invertible (losslessgntrofy) codesuchasrun-
length,Huffman,Lempel-Zv, or arithmeticcode.

Many approacheso systemsfor imagecompressiorhave beenproposedn the literatureand incorporatednto
standardsindproductspothsoftwareandhardware. We notethatthemethodsdiscussedh this chapteifor evaluating



the quality andutility of lossycompressedhedicalimages,do not dependon the compressioralgorithmatall. The
readeris referredto theliteratureon the subjectfor moreinformationon imagecompressioffis0, 23].

3 Thethreedata sets

In thischaptemandthefollowing two chapterstesultsarepresentedor threedatasets:computerizedomography(CT),
magneticresonancéMR), andmammographiémages.As will be seenater, thesethreestudiesprovide examplesof
thedetection]ocalization,measuremengndmanagemerdspect®f aradiologistsinterpretatve functions.

3.1 CT study

The CT studyinvolvedtwo differentsetsof chestimages.In one,thediagnosticdaskwasthe detectionof abnormally
enlagedlymph nodes,andin the other, the taskwasto detectlung nodules. Thirty patientstudieswere usedfor
eachtask. The CT imageswere compressedising prunedpredictive vectorquantization23] appliedto 2 2 pixel
blocks[15]. This methodinvolvesno transformof the data.Vectorquantizersareoftendesignedor atraining setof
representatieimageshatcanprovide informationaboutthe statisticssuchasthe spatialcorrelationghataretypically
foundin thoseimages.In sucha situation,the compressioralgorithmwill performbestfor imagesthat are similar
to thoseusedin the training set. For this studytwenty CT imagesof the mediastinumwere usedin the training set
for detectingenlagedlymph nodesand20 CT lung imageswereusedin the training setfor detectingung nodules.
All 512 512 pixel imageswereobtainedusinga GE 9800scanne120kV, 140mA, scantime 2 secondgperslice,
boresize38cm, eld-of-view 32—34cm). Althoughno formalresearclwasundertalento determineaccuratelywhat
constitutes'representatie” CT images.two radiologistswere consultedconcerningthe typical rangeof appearance
of adenopathyand nodulesthat occursin daily clinical practice. The training and testimageswere chosento be
approximatelyrepresentatie of thisrange andincludedimagesof bothnormalandabnormathests Thelungnodules
rangedn sizefrom 0.4to 3.0cm, with almostall nodulesbetweerD.4and1.5cm,andtheabnormalymphnodeswvere
betweerD.6and3.5cm. The studyalsohada lower percentagef normalchestimagesthanwould be encountereth
daily practice.

For eachstudy(lymph nodes Jung nodules) the original thirty testimageswereencodedat 6 compressiorevels:
0.57,1.18,1.33,1.79,2.19,and 2.63bits per pixel (bpp). The original testimagesare consideredo be 11-bit data.
Figure 2 shavs anoriginal 11 bpp CT lung imageto which the “windows andlevels” contrastadjustmentasbeen
applied. Although the scannemvas capableof producingl2-bit data,it wasfound for this datasetthatthe 12th bit
wasnhever used.Patientstudiesrepresented thetrainingsetwerenot usedastestimagesandtheresultsreportedon
SNR, subjective quality, anddiagnosticaccurag arebasednly ontestimages.

3.2 MR study

In the MR study thediagnosticdaskwasto measureghe sizeof bloodvesselsn MR chestscansaswould be donein
evaluatingaorticaneurysmsThe studyhadasits goalto quantifythe effectsof lossycompressiomn the accurag of
theseameasuremen{g?, 46]. Asin theCT study theimagecompressioschemavaspredictive prunedtree-structured
vectorquantizationalthoughin this caset wasappliedto blocksof 2 4 pixels.

Thetrainingdataof 20 MR chestscansaverechoserto includeawide rangeof both aneurysmsindnormalvessel
structures.An additional30 scanswere chosemastestimages.All imageswereobtainedusinga 1.5T whole body
imager(Signa,GE Medical SystemsMil waulee,WI1), a bodycoil, andanaxial cardiacgatedT1 weightedspinecho
pulsesequencavith thefollowing parametersCardiacgatingwith repetitiontime (TR) of 1 R-Rinterval, echotime
(TE) of 15-20msec respiratorycompensatiomumberof repetition(NEX) of 2,256  192matrix, slicethicknessof
7 mmwith a3 mminterslicegap.

Thecompressiomatesfor this studywere0.36,0.55,0.82,1.14,and1.70bpponthe 30 testimages.Thesebitrates
arerepresentetdy compressiottevels1-5. The original scansat 9.0 bpparerepresentetly level 6.

Figure3(a) shavs anoriginal 9.0 bpp MR chestscan.Figure3(b) shavs the sameimagecompressetb 1.14bpp
andFigure3(c) shavstheimagecompressetb 0.36bpp.



Figure2: Original 11.0bppCT chestscan



Figure 3: (a) Original 9.0 bpp MR chestscan,(b) MR chestscancompressedio 1.14 bpp, and(c) MR chestscan
compressetb 0.36bpp



3.3 Mammogram study

The mammographystudy involved a variety of tasks: detection localization,measurement&and managemendeci-
sions.Thiswork hasbeenreporteduponin [45, 2, 24] aswell asin therecentStanfordPh.D.thesisof Bradley J. Betts
[8] which alsoincludesdetailedanalyse®f a muchlargertrial. Theimagedatabas@asgeneratedh the Department
of Radiologyof the Universityof Virginia Schoolof Medicineandis summarizedn Tablel. The57 studiesincluded
a variety of normalimagesandimagescontainingbenignand malignantobjects. Corroboratve biopsyinformation
wasavailableon atleast31 of thetestsubjects.

benignmass
benigncalci cations
malignantmass
malignantcalci cations
malignantcombinationof mass& calci cations
benigncombinationof mass& calci cations
breastdema
malignantarchitecturablistortion
malignantfocal asymmetry
benignasymmetriadensity

5 normals

P WOWNRAADMMWWOOUUIO O

Tablel: DataTestSet: 57 studies4 views perstudy

Theimageswerecompressedsing SetPartitioningin HierarchicalTrees(SPIHT)[54], analgorithmin the sub-
band/vavelet/p/ramid codingclass. Thesecodestypically decomposéheimageusingan octave subbandgritically
sampledpyramid,or completewavelettransformationandthencodetheresultingtransformcoefcients in anef cient
way. Thedecompositions typically producedby ananalysislter bankfollowedby dovnsampling.

The mostef cient waveletcodingtechniquesxploit boththe spatialandfrequeng localizationof wavelets. The
ideais to groupcoefcients of comparablesigni canceacrossscaledy spatiallocationin bandsorientedin the same
direction. The earlyapproachof Lewis andKnowles[31] wasextendedby Shapiroin hislandmarkpaperon embed-
dedzerotreawaveletcoding[57], andthe bestperformingschemesre descendentsr variationson this theme.The
approaclprovidescodeswith excellentrate-distortiortradeofs, modestcompleity to implement,andanembedded
bit streamwhich makesthe codesusefulfor applicationsvherescalabilityor progressie codingareimportant.Scal-
ability impliesthereis a “successie approximationpropertyto the bit stream.This featureis particularlyattractve
for anumberof applicationsgspeciallthosewhereonewishesto view animageassoonasbits begin to arrive,and
wherethe imageimprovesasfurther bits accumulate With scalablecoding,a single encodercan provide a variety
of ratesto customerswith differentcapabilities.Imagescanbe reconstructedo increasingguality asadditionalbits
arrive.

After experimentingwith a variety of algorithms,we choseSaidandPearlmars variation[54] of Shapiros EZW
algorithmbecaus®f its goodperformancendthe availability of working softwarefor 12 bpporiginals. We usedthe
default lters (9-7 biorthogonallter) in the software compressiorpackageof Saidand Pearlmar{54]. The system
incorporateshe adaptve arithmeticcodingalgorithmconsideredn Witten, Neal,andCleary[66].

For our experimentadditionalcompressionvasachiezedby a simplesegmentatiorof theimageusinga threshold-
ing rule. This sggmentedheimageinto arectangulaportioncontainingthe breast— theregion of interestor ROl —
anda backgroundoortion containingthe dark areaandary alphanumeridata. The background/labgbortion of the
imagewascodedusingthe samealgorithm,but at only 0.07 bpp, resultingin higherdistortionthere. We reporthere
SNRsandbit ratesfor boththefull imageandfor the ROI.

Theimagetestsetwascompresseth this mannetrto threebit rates:1.75bpp, 0.4 bpp,and0.15bpp,wherethe bit
ratesreferto ratesin ROI. The averagebit ratesfor thefull imagethusdependedn the sizeof the ROI. An example
of the Said-Pearlmaalgorithmwith a 12 bpporiginal and0.15bppreproductions givenin Figure4.



Figure4: Original ImageandCompressetimageat 0.15bppin the ROI

4 Averagedistortion and SNR

By far the mostcommoncomputableobjective measuresf imagequality aremeansquarecerror (MSE) andsignal-
to-noiseratio (SNR).Supposéhatonehasa systemnin which aninput pixel block or vector
is reproduceas andthatonehasameasure of distortionor costresultingwhen
isreproduceds . A naturalmeasuref thequalityor delity (actuallythelackof qualityor delity) of thesystems
theaverageof thedistortionsfor all thevectorsinputto thatsystemgdenotecby . Theaveragemight
be with respecto a probability modelfor the imagesor, morecommonly a sampleor time-averagedistortion. It is
commonto normalizethe distortionin somefashionto producea dimensionlessgjuantity , to form theinverse
asameasuref quality ratherthandistortion,andto describetheresultin dB. A commonnormalizationis the
minimum averagedistortionachiezableif no bits aresent, . Whenthe ubiquitoussquared-
error distortiongiven by is used,then is simply thevarianceof the
process, . Using this asa normalizationfactor producesthe signal-to-noiseratio
(SNR)

SNR — - 1)

A commonalternatve normalizationwhenthe input is itself an  bit discretevariableis to replacethe varianceor
enegy by the maximuminput symbolenegy , yielding the so-calledpeaksignal-to-noisgatio (PSNR).

A key attribute of usefuldistortionmeasuregs easeof computationput otherpropertiesarealsoimportant.ldeally
adistortionmeasureshouldre ect perceptuabuality or usefulnessn a particularapplication.No easilycomputable
distortion measuresuchassquarecerroris generallyagreedto have this property Commonfaultsof squarederror
arethata slight spatialshift of animagecauses large numericaldistortionbut no visual distortionand, conversely
a smallaveragedistortioncanresultin a damagingvisual artifactif all the erroris concentratedh a smallimportant
region. It is becausef suchshortcomingghat mary otherquality measurefiave beenstudied.The pioneeringwork
of Budrikus[10], Stockham[60], and Mannosand Sakrison[36] wasaimedat developingcomputablemeasure®f
distortionthatemphasizeerceptuallyimportantattributesof animageby incorporatingknowledgeof humanvision.



Theirsandsubsequentvork hasprovided a bewildering variety of candidatemeasuresf imagequality or distortion
[40, 55, 32, 34, 42, 41, 37,63, 58, 67, 53, 7, 17, 20, 4, 5, 16, 25, 44, 43, 29, 3, 19, 33, 27]. Similar studieshave been
carriedout for speechcompressiorandotherdigital speectprocessing49]. Examplesaregeneral normssuchas
theabsolutesrror( ), thecuberootof thesumof thecubederrors( ), andmaximumerror( ), aswell asvariations
onsucherrormeasurethatincorporatdinearweighting.A popularform is weightedquadratiadistortionthatattempts
to incorporatepropertiesof the humanvisual systemsuchassensitvity to edgesjnsensitvity to textures,andother
maskingeffects. Theimageandthe original canbetransformedrior to computingdistortionproviding awide family
of spectralistortionswhich canalsoincorporateneightingin thetransformdomainto re ect perceptuaimportance.
Alternatively, onecancapturethe perceptuahspectdy linearly Itering theoriginalandreproductiorimagesprior to
forming a distortion,which is equivalentto weightingthe distortionin the transformdomain. A simplevariationof
SNRthathasprovedpopularin thespeectandaudio eld is thesggmentalSNRwhichis anaverageof local SNRsin
alog scale[28, 49], effectively replacingthe arithmeticaverageof distortionby a geometricaverage.

In additionto easingcomputatiorandre ecting perceptuatjuality, athird desirablgropertyof adistortionmeasure
is tractabilityin analysis.Thepopularityof squarecerroris partly owedto thewealthof theoryandnumericaimethods
availablefor the analysisand synthesisof systemshat are optimal in the senseof minimizing meansquarecerror.
One might designa systemto minimize meansquarederror becauset is a straightforvard optimization, but then
usea different,morecomplicatedmeasureo evaluatequality becauset doesbetterat predictingsubjectve quality.
Ideally, onewouldlik e to have a subjectvely meaningfuldistortionmeasurehatcouldbeincorporatednto thesystem
design.Therearetechniquesor incorporatingsubjectve criteriainto compressiosystemdesign but thesetendto be
somevhatindirect. For example,onecantransformtheimageandassignbits to transformcoefcients accordingto
their perceptualmportanceor usepost ltering to emphasizémportantsubband®¥eforecompressioifs1, 52, 60.

Thetraditionalmannerfor comparinghe performancef differentlossycompressiosystemss to plot distortion-
rateor SNRvs. bit ratecurves. Figure5(a) shavs a scatterplot of the rate-SNRpairsfor 24 imagesin the lung CT
study Only the compresse@magescanbe shavn on this plot, asthe originalimageshave by de nition no noiseand
thereforein nite SNR. The plot includesa quadraticspline t with a singleknotat 1.5 bpp. Regressionsplines[48]
aresimpleand e xible modelsfor trackingdatathatcanbe t by leastsquaresThe tting tendsto be“local” in that
the tted averagevalueata particularbit rateis in uenced primarily by obseneddataat nearbybit rates. The curve
has4 unknonvn parametersandcanbe expresseds

)

It is quadratic'by region,;” andis continuouswith a continuousrst derivative acrossthe knot, wherethe functional
form of thequadraticchangesQuadraticspline ts provide goodindicationsof theoveralldistortion-ratgperformance
of the codefamily on thetestdata. In this case the locationof the knot waschoserarbitrarily to be nearthe center
of the dataset. It would have beenpossibleto allow the datathemselesguidethe choiceof knotlocation. The SNR
resultsfor the CT mediastinalmageswerevery similar to thosefor thelungtask. For the MR study Figure5(b) shavs
SNRversushit ratefor the 30 testimagescompressetb the5 bit rates.Theknotis at1.0 bpp.

For the mammograhystudy the SNRsaresummarizedn Tables2—-3. The overall averagesarereportedaswell
asthe averagedrokenout by imagetype or view (left andright breastCC andMLO view). This demonstratethe
variability amongvariousimagetypesaswell asthe overall performanceTwo setsof SNRsandbit ratesarereported:
ROI only andfull image.For the ROl SNRtheratesareidenticalandcorrespondo the nominalrateof thecodeused
in the ROI. For thefull imagestheratesvary sincethe ROI codeis usedin oneportionof theimageanda muchlower
ratecodeis usedin the remainingbackgroundandthe averagedependsn the size of the ROI, which variesamong
theimages.A scattemplot of the ROl SNRsis presentedh Figure6.

It shouldbe emphasizedhatthis is the SNR comparinghedigital original with thelossycompressegersions.

5 Subjective Ratings

Subjective quality of areconstructedmagecanbejudgedin mary ways.A suitablyrandomizedetof imagescanbe
presentedo expertsor typical userswho ratethem,oftenon a scaleof 1 to 5. Subsequerdtatisticalanalysiscanthen
highlight averagesyariability, and othertrendsin the data. Suchformalizedsubjectve testingis commonin speech
andaudiocompressiorsystemsasin the MeanOpinion Score(MOS) andthe descriptve rating calledthe diagnostic
acceptabilitymeasurgDAM) [1, 49, 62]. Therehasbeenno standardizatioffor ratingstill images.
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Figure5: SNRasafunctionof bit ratefor (a) CT lungimagesand(b) MR images.Thex'sindicatedatapointsfor all
imagesjudgesandcompressioievels.

View SNR
0.15bppROI | 0.4bppROI | 1.75bppROI
left CC 45.93dB 47.55dB 55.30dB
right CC 45.93dB 47.47dB 55.40dB
left MLO 46.65dB 48.49dB 56.53dB
right MLO 46.61dB 48.35dB 56.46dB
left side(MLO andCC) 46.29dB 48.02dB 55.92dB
right side(MLO andCC) 46.27dB 47.91dB 55.93dB
Overall 46.28dB 47.97dB 55.92dB
Table2: AverageSNR:ROI, WaveletCoding
View SNR,Bit Rate
0.15bppROI | 0.4bppROI | 1.75bppROI
left CC 44.30dB, 0.11bpp | 45.03dB, 0.24bpp | 46.44dB, 0.91bpp
right CC 44.53dB, 0.11bpp | 45.21dB, 0.22bpp | 46.88dB, 0.85bpp
left MLO 44.91dB, 0.11bpp | 45.73dB, 0.25bpp | 47.28dB, 1.00bpp
right MLO 45.22dB, 0.11bpp | 46.06dB, 0.25bpp | 47.96dB, 0.96bpp
left side(MLO andCC) | 44.60dB,0.11bpp | 45.38dB, 0.24bpp | 46.89dB,0.96bpp
right side(MLO andCC) | 44.88dB,0.11bpp | 45.63dB, 0.24bpp | 47.41dB, 0.92bpp
Overall 44.74dB, 0.11bpp | 45.51dB, 0.24bpp | 47.14dB,0.93bpp

Table3:

AverageSNR: Full Image,WaveletCoding
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Figure6: ScatterPlot of ROl SNR: WaveletCoding

A usefulattributeof anobjective quality measuresuchasSNRwould betheability to predictsubjectve quality. For
medicalimagesjt maybemoreimportantthata computableobjectve measurde ableto predictdiagnosticaccurag
ratherthansubjectve quality. A potentialpitfall in relatingobjective distortionmeasureso subjectve quality is the
choiceof imagedistortionsusedin the tests.Someof the literatureon the subjecthasconsideredaignal-independent
distortionssuchas additive noise and blurring, yet it hasbeenimplied that the resultswere relevant for strongly
signaldependentlistortionssuchasquantizatiorerror. Experimentshouldimitate closelytheactualdistortionsto be
encountered.

Theassessmemf subjectve quality attemptedo relatesubjectie imagequality to diagnosticutility. For the MR
study eachradiologistwasasled at the time of measuringhe vesselgo “assignha scoreof 1 (least)to 5 (most)to
eachimagebasedn its usefulnes$or themeasuremertask! Theterm“usefulnesswasde ned as“your opinionof
whetherthe edgeausedfor measurementsereblurry or distorted,andyour con denceconcerninghe measurement
you took?” The questionwas phrasedn this way becauseur concernis whethermeasuremendccuray is in fact
maintainedevenwhenthe radiologistpercevestheimagequality asdegradedandmay have lost somecon dencein
theutility of theimagefor thetaskathand.lIt is notclearto uswhetheradiologistsareinculcatedduringtheirtraining
to assesgjuality visually basedon the entireimage,or whetherthey rapidly focus on the medically relevant areas
of theimage. Indeed,one might reasonablyexpectthat radiologistswould differ on this point, anda questionthat
addressedverall subjectve quality would thereforeproducea variety of interpretationgrom thejudges.By focusing
thequestiononthespeci ¢ measuremerandtheradiologists'con dencein it regardlesof whatportionof theimage
contributedto that con dencelevel, andthenby examiningthe relationshipbetweenactualmeasuremenrgrror and
thesesubjectve opinions,we hopedto obtaindatarelevantto thequestiorof whetheradiologistscanbeasledto trust
their diagnosesnadeon processedmagesin which they maylack full con dence. No attemptwasmadeto link the
5 possiblescoresto speci ¢ descriptve phrasesasis donewith the Mean Opinion Scorerating systemfor speech.
However, the radiologistswere asled to try to usethe whole scale. The CT subjectve assessmentas performed
separatelfrom the diagnostidaskby threedifferentradiologists.The phrasingof the questionwasvery similar.

Imagescompressedo lower bit ratesreceved worsequality scoresaswas expected. Figure 7 shavs subjectie
scorevs. bit ratefor the CT mediastinunstudy Thedataare t with a quadraticsplinewith a singleknot. Figure8
shaws the generaltrend of meansubjectve scoreversusmeanbit ratefor the MR study A spline-like functionthat
is quadraticfrom O to 2.0 bpp andlinearfrom 2.0to 9.0 bppwas t to the data. The splineshave knotsat 0.6 bpp,
1.2bpp,and2.0bpp. Figure9 shavs aspline t of subjectve scoreplottedagainsiactualbit ratefor the compressed
levels only for the MR study The generalconclusionfrom the plotsis thatthe subjective scoresat the higherlevels
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werequite closeto the subjectve scoreon the originals,but at lower levelstherewasa steepdrop-off of scoreswith
decreasindit rate.

subjective score
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Figure7: Subjectveratingsvs. bit ratefor the CT mediastinunstudy
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Figure 8: Mean subjectve scorevs. meanbit rate for the MR study The dotted,dashedanddash-dotcurvesare
splinest tothedatapointsfor Judgesl, 2, and3, respectiiely. Thesolid curveis aspline t to thedatapointsfor all
judgespooled.

Thesescorexanalsobeanalyzedy the Wilcoxonsignedranktest. The pairedt-testmaybeslightly lessapplicable
sincethe subjectie scoreswhich areintegersover a very limited range clearlyfail to t a Gaussiarmodel. We note
thatscoresareassignedo theentireimageratherthanto any subsectiorof animage,suchaseachof thebloodvessels
in thatimage. More detailedinformationwould be neededor a morethoroughanalysissince subjectve scorein
the MR experimentis meantto re ect the quality of the imagefor vesselmeasurementndthis may differ for the
differentbloodvesselsThe Wilcoxon signedranktestshavedthatthe subjectve scoredor the MR studyatall of the
six compressiorevels differ signi cantly from the subjectve scoresof the originalsat for a 2-tailedtest.
Thesubjectve scoresatall thecompressionevelsalsodiffer signi cantly from eachother As will bediscussedater,
it appearshataradiologists subjectie perceptiorof quality changesnorerapidly anddrasticallywith decreasingdpit
ratethandoesthe actualmeasuremersrror.

5.1 Mammography Subjective Ratings

For the mammographytudy Table4 providesthe meansandstandardieviationsfor the subjectve scoresfor each
radiologistseparatelyand for the radiologistspooled. The distribution of thesesubjectve scoresis displayedin
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Figure9: Subjectve scorevs. bit rate for the MR study The x's indicatedatapointsfor all images,pooledacross
judgesandcompressiorevels.

Figures10-12. Level 1 refersto the original analogimages,Level 2 to the uncompressedigital, Level 3 to those
imageswherethe breastsectionwascompressetb 0.15bppandthelabelto .07 bpp, Level 4 to thoseimageswhere
the breastsectionwascompressedo .4 bpp andthe labelto .07 bpp, andLevel 5 to thoseimageswherethe breast
sectionwascompressetb 1.75bppandthelabelto .07 bpp.

Figure 10 displaysthe frequeng for eachof the subjectve scoresobtainedwith the analoggold standard.Fig-
ure 11 displaysthefrequeng for eachof the subjectie scoresobtainedwith theuncompressedigital images(judges
pooled),andrigurel2displaysthefrequeng for eachof thesubjectve scorebtainedwith thedigitalimagesatLevel
3.
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Figure10: Subjectie Scores:AnalogGold Standard

Usingthe Wilcoxon signedranktest,the resultswereasfollows.

JudgeA: All levelsweresigni cantly differentfrom eachotherexceptthe digital to .4 bpp, digital to 1.75bpp,and
.4t0 1.75bpp.

JudgeB: Theonly differenceghatweresigni cant were.15bppto .4 bppand.15bppto digital.
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level judge mean stdes
1 goldstandard 3.6441 .5539
1 A 3.90 .97
1 B 4.52 75
1 C 4.59 79
2 A 3.91 41
2 B 3.85 .53
2 C 3.67 .65
3 A 3.82 .39
3 B 4.27 .93
3 C 3.49 .64
4 A 3.91 .39
4 B 3.93 .55
4 C 3.82 .50
5 A 3.92 42
5 B 3.66 57
5 C 3.82 .55
judgespooled
1 pooled 4.33 .89
2 pooled 3.81 .55
3 pooled 3.86 .76
4 pooled 3.88 .49
5 pooled 3.80 .57
Table4: Subjectie Scores
15 2 2.5 3 3.5 4 4.5

subjective score

Figurell: Subjectve ScoresOriginal Digital
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JudgeC: All differencesveresigni cant.

All judgespooled: All differenceswveresigni cant exceptdigital to .15 bpp, digital to 1.75bpp, .15to .4 bpp, and
.15t0 1.75bpp.

Comparingdifferencesrom the independengold standardfor JudgeA all were signi cant exceptdigital uncom-
pressedfor JudgeB all weresigni cant; andfor JudgeC all weresigni cant exceptl.75bpp. Whenthejudgeswere
pooled,all differencesveresigni cant.

Thereweremary statisticallysigni cant differencesn subjectve ratingsbetweertheanalogandthevariousdigital
modalities,but someof thesemay have beena resultof the differentprinting processesisedto createthe original
analog Ims andthe Ims printed from digital les. The Ims were clearly differentin size andin background
intensity Thejudgesin particularexpressedlissatiséctionwith thefactthatthe backgroundn thedigitally produced
Ims wasnotasdarkasthatof the photographicims, eventhoughthisideally hadnothingto do with their diagnostic
andmanagemerdecisions.

6 DiagnosticAccuracy and ROC methodology

Diagnostic'accurag” is oftenusedto meanthefractionof casesnwhich a physicianis “correct; wherecorrectness
is determinedby comparingthe diagnosticdecisionto somede nition of “truth.” Therearemary differentwaysthat
“truth” canbe determinedandthis issueis discussedn Section7. Apart from this issue,this simplede nition of
accurag is awedin two ways. First, it is stronglyaffectedby diseaserevalence.For a diseasdhatappearsn less
thanonepercentof the population,a screeningestcouldtrivially be morethan99% accuratesimply by ignoringall
evidenceand declaringthe diseasdo be absent. Second the notion of “correctness’doesnot distinguishbetween
the two major typesof errors, calling positive a casethat is actually negative, and calling negative a casethat is
actuallypositive. Therelative costsof thesetwo typesof errorsaregenerallynotequal. Thesecanbedifferentiatecy
measuringliagnosticperformanceisinga pair of statisticsre ecting therelative frequencie®f thetwo errortypes.

Toward this endsupposdor the momentthatthereexists a “gold standard”de ning the “truth” of existenceand
locationsof all lesionsin a setof images.With eachlesionidenti ed in the gold standarda radiologisteithergetsit
correct(true positiveor TP) or missest (falsenegativeor FN). For eachlesionidenti ed by theradiologist,eitherit
agreeswith thegold standard TP asabove) or it doesnot (falsepositiveor FP).
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Thesensitvity or true positive rate(or true positive fraction (TPF))is the probability thatalesionis saidto be
theregiventhatit is there.This canbe estimatedy relative frequengy

#TP

Sensitvity FTPTHEN (€))

The complemenbf sensitvity is the falsenegative rate(or fraction) , the probabilitythata lesionis
saidto not betheregiventhatit is there.

In anapparentlysimilar vein, the falsepositive rate (or falsepositive fraction (FPF))is the probability thata

lesionis saidto betheregiventhatit is notthereandthetrue negative rate or speci city is its complementHere,
however, it is not possibleto de ne a meaningfulrelative frequeng estimateof theseprobablitiesexceptwhenthe
detectionproblemis binary, thatis, eachimagecanhave only only onelesionof a singletype or no lesionsatall. In
this case gxactly onelesionis notthereif andonly if O lesionsarepresentandonecande ne atrue negative as
animagethatis notatrue positive. Henceif thereare imagestherelative frequeng becomes

TN
N #TP

Speci city 4
As discussedhater, in the nonbinarycase however, speci city cannotbede ned in ameaningfulfashiononanimage
by imagebasis.

In thebinarycasespeci city sharesmportancewith sensitvity becaus@erfectsensitvity alonedoesnotpreclude
numeroudalsealarmswhile speci city nearl ensureshatmissingnotumorsdoesnotcomeattheexpenseof calling
falseones.

An alternatve statisticthatis well de ned in the nonbinarycaseandalsopenalizesalsealarmsis the predictive
valuepositive(PVP), alsoknown aspositive predictedvalue (PPV) [64]. Thisis the probabilitythata lesionis there
giventhatit is saidto bethere.

# of abnormalitiecorrectlymarked

PVP total# of abnormalitiesnarked ®)
PVPis easilyestimatedy relative frequenciesas
#TP
PVP #TP+#FP ©

Sensitvity, PVP, and,whenit makessensespeci city, canbeestimatedrom clinical trial dataandprovide indica-
tion of quality of detection.Thenext issuesare

1. How doesonedesignandconductclinical experimentgo estimatethesestatistics?
2. How arethesestatisticsusedin orderto make judgmentsaboutdiagnosticaccurag?

Togethertheresponseso thesequestiondorm a protocol for evaluatingdiagnosticaccurag anddrawing conclu-
sionson therelative meritsof competingmageprocessingechniquesBeforedescribingthe dominantmethodology
used|t is usefulto formulateseveral attributesthata protocolmight reasonablype expectedo have.

The protocolshouldsimulateordinaryclinical practiceascloselyaspossible.Participatingradiologistsshould
performin amannetthatmimicstheir ordinarypractice.Thetrials shouldrequirelittle or no specialtraining of
their clinical participants.

The clinical trials shouldinclude examplesof imagescontainingthe full rangeof possibleanomaliesall but
extremelyrareconditions.

The ndings shouldbereportableusingthe AmericanCollege of Radiology(ACR) Standardized exicon.

Statisticalanalyse®f thetrial outcomeshouldbebasednassumptionasto theoutcomesandsourcef error
thatarefaithful to theclinical scenaricandtasks.

15



de nitely or almostde nitely negative
probablynegative
possiblynegative
probablypositive
de nitely or almostde nitely positive

g wnN -

Table5: Subjectie con denceratingsusedin ROC analysis

Thenumberof patientsshouldbesufcient to ensuresatisfictorysizeandpowerfor the principalstatisticakests
of interest.

“Gold standardsfor evaluationof equivalenceor superiorityof algorithmsmustbe clearly de ned andconsis-
tentwith experimentahypotheses.

Carefulexperimentaldesignshouldeliminateor minimize ary source®f biasin the datathataredueto differ-
enceshetweerthe experimentakituationandordinaryclinical practice e.g.,learningeffectsthatmight accrue
if asimilarimageis seerusingseparatémagingmodalities.

Recever operatingcharacteristidROC) analysisis the dominanttechniquefor evaluatingthe suitability of radi-

ologic techniquedor real applicationg[39, 61, 38, 26]. ROC analysishasits originsin signal detectiontheory A
Itered versionof a signalplus Gaussiamoiseis sampledandcomparedo athreshold.If the sampleis greaterthan
the threshold,the signalis declaredto be there,otherwiseit is declaredabsent. As the thresholdis variedin one
direction,the probability of erroneouslydeclaringa signalabsentwvhenit is there(a falsedismissal)goesdown, but
the probability of erroneouslydeclaringa signaltherewhenit is not (a falsealarm)goesup. Suppos@nehasa large
databasef waveforms,someof which actually containa signal,and someof which do not. Supposédurtherthatfor
eachwaveform, the “truth” is known of whethera signalis presentor not. Onecanseta value of the thresholdand
examinewhetherthe testdeclaresa signalpresentor not for eachwaveform. Eachvalue of the thresholdwill give
riseto a pair (TPEFPF),andthesepointscanbe plottedfor mary differentvaluesof the threshold. The ROC curve
is a smoothcurve tted throughthesepoints. The ROC curve always passeshroughthe point (1,1) becausef the
thresholds takento belower thanthelowestvalueof any waveform,thenall sampleswill beaborvethethresholdand
thesignalwill bedeclaredpresentor all waveforms.In thatcasethetrue positive fractionis one. Thefalsepositive
fractionis alsoequalto one,sincethereareno true negative decisions.Similar reasoningshaws thatthe ROC curve
mustalsoalwayspasghroughthepoint(0,0),becaus¢hethresholccanbesetverylarge,andall casewill bedeclared
negative. A variety of summarystatisticssuchasthe areaunderthe ROC curve canbe computedandinterpretedo

comparehequality of differentdetectiontechniquesln generallargerareaunderthe ROC curveis better

ROC analysishasa naturalapplicationto someproblemsin medicaldiagnosis. For example,in a blood serum
assayof carbohydratantigens(e.g.,CA 125or CA 19-9)to detectthe presencef certaintypesof cancera single
numberresultsfrom the diagnostictest. The distribution of resultvaluesin actually positive and actually negative
patientsoverlap.Sono singlethresholdor decisioncriterion canbe found which separatethe populationscleanly If
the distributionsdid not overlap,thensucha thresholdwould exist, andthe testwould be perfect. In the usualcase
of overlappingdistributions, a thresholdmustbe chosen;and eachpossiblechoiceof thresholdwill yield different
frequencie®f thetwo typesof errors.By varyingthethresholdandcalculatingthefalsealarmrateandfalsedismissal
ratefor eachvalueof thethresholdanROC curveis obtained.

Transferringhistype of analysigo radiologicalapplicationgequireshecreationof someform of thresholdvhose
variationallows a similartradeof. For studiesof thediagnosticaccurag of processedmagesthisis accomplishedby
askingradiologiststo provide a subjectve con dencerating of their diagnosegtypically on a scaleof 1-5)[39, 61].
An exampleof suchratingsis shavn in Table5.

First,only thoseresponsem thecateyory of highestcertaintyof a positive caseareconsideregbositive. Thisyields
apair (TPF, FPF)thatcanbeplottedin ROC spaceandcorrespond$o a stringentthresholdor detection Next, those
casesn eitherof thehighesttwo catayoriesof certaintyof a positive decisionarecountedpositive. Another(TPF, FPF)
pointis obtainedandsoforth. Thelastnon-trivial pointis obtainedoy scoringary caseaspositiveif it correspondso
ary of thehighestfour categyoriesof certaintyfor beingpositive. This correspond$o averylax thresholdfor detection
of disease Therearealsotwo trivial (TPF, FPF)pointswhich canbe obtained asdiscussea@bove: all casexanbe
declarecheggative (TPF=0,FPF=0)or all casesanbedeclaredositive (TPF=1,FPF=1).
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This type of analysishasbeenusedextensiely to examinethe effectsof computerprocessingn the diagnostic
utility of medicalimages.Typesof processinghathave beenevaluatedncludecompressioii22, 21, 65, 30, 6, 9, 35,
56, 14], andenhancemer(unsharpmasking histogramequalizationandnoisereduction).

Althoughby far the dominanttechniquefor quantifyingdiagnosticaccurag in radiology ROC analysispossesses
severalshortcomingsor this application.In particular it violatesseveral of the statedyoalsfor aclinical protocol.By
andlarge,thenecessityor theradiologistdo choosel of 5 speci ¢ valuesto indicatecon dencedepartgrom ordinary
clinical practice.Althoughradiologistsaregenerallycognizanbof differing levelsof con dencein their ndings, this
uncertaintyis often representedn a variety of qualitatve ways, ratherthanwith a numericalranking. Further as
image dataare nonGaussianmethodsthat rely on Gaussiarassumptionsre suspect. Modern computefintensive
statisticalsamplereusetechniquesanhelp getaroundthe failuresof GaussiarassumptionsClassicaROC analysis
is not locationspeci c. The casein which an obsener missesthe lesionthatis presentin animagebut mistalenly
identi es somenoisefeatureasa lesionin thatimagewould be scoredas a true-positve event. Most importantly
mary clinical detectiortasksarenon-binaryin which casesensitvity canbe suitablyrede ned,but speci city cannot.
Thatis, sensitvity asde ned in Equation3 yields a fractionalnumberfor the whole dataset. But for any oneimage,
sensitvity takeson only thevaluesO and1. The sensitvity for the whole datasetis thenthe averagevalueof these
binary-valuedsensitvities de nedfor individualimages.Whenthedetectiortaskfor eachimagebecomeson-binary
it is possibleto rede ne sensitvity for anindividualimage:

# of true positive decisionswithin 1 image
# of actuallypositive itemsin that 1 image

Sensitvity @)

or, changingthe languageslightly,

# of abnormalitiesorrectlyfound
# of abnormalitiesactuallythere

Sensitvity (8)

In this casethesensitvity for eachindividualimagebecomes fractionalnumbemetweerD and1, andthe sensitvity
for the entire datasetis still the averageof thesesensitvities de ned for individual images. A similar attemptto
rede nethespeci city leadsto

# of abnormalitiecorrectlysaidnotto bethere
# of abnormalitiesactuallynotthere

Speci city 9)

This doesnot make sensebecausét hasno naturalor sensibledenominatorasit is not possibleto sayhow mary
abnormalitiesareabsent.Thisde nition is ne for atruly binarydiagnostidasksuchasdetectionof a pneumothorax,
for if the imageis normal then exactly one abnormalityis absent. Early studieswere able to use ROC analysis
by focusingon detectiontasksthat were eithertruly binary or that could be renderedbinary. For example,a non-
binary detectiontasksuchas“locating any andall abnormalitieghat are present”canbe renderecinary simply by
rephrasinghetaskasoneof “declaringwhetheror not diseasas present. Otherwise ,sucha non-binarytaskis not
amenabléo traditionalROC analysigechniquesExtensiondo ROC to permitconsideratiomf multiple abnormalities
have beendeveloped[18, 11, 12, 13, 59]. For example,the free-responseecever operatingcharacteristi¢FROC)
obsener performancesxperimentallows an arbitrarynumberof abnormalitieperimage,andthe obsener indicates
their percevedlocationsanda con dencerating for eachone. While FROC resohesthe binarytasklimitations and
locationinsensitvity of traditionalROC, FROC doesretainthe constrained-pointintegerrating systemfor obsener
con dence,andmakescertainnormality assumptiongboutthe resultantdata. Finally, ROC analysishasno natural
extensionto the evaluationof measuremerdccurag in compressededicalimages.By meansof speci ¢ examples
we describeanapproachhatcloselysimulatesordinaryclinical practice appliesto non-binaryandnonGaussiadata,
andextendsnaturallyto measuremerdata.

The recentStanfordPh.D.thesisby Bradley J. Betts, mentionedearlier includesnew technologiesor analyses
of ROC curves. His focusis on regions of interestof the curve, thatis, on the intersectionof the areaunderthe
curve with rectanglesdeterminedby explicit lower boundson sensitvity andspeci city. He hasdevelopedsample
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reusetechniquegor makinginferencesoncerninghearea®nclosedndalsofor constructingectangulacon dence
regionsfor pointsonthecurve.

7 Determination of a Gold Standard

Thetypical scenaridor evaluatingdiagnosticaccurag of computerprocessednedicalimagesinvolvestaking some
databasef originalunprocessetinagesapplyingsomeprocessingo them,andhaving theentiresetof imagegudged
in somespeci edfashionby radiologists Whetherthesubsequerdnalysesvill bedoneby ROC or someothermeans,
it is necessaryo determinea “gold standard'thatcanrepresenthe diagnostictruth of eachoriginalimage,andcan
sene asa basisof comparisorfor the diagnose®n all the processedersionsof thatimage. Therearemary possible
choicedfor thegold standard:

A consensugold standards determinedy the consensusf thejudgingradiologistson the original.

A personalgold standardiseseachjudge's readingson anoriginal (uncompressedjnageasthe gold standard
for thereadingf thatsameudgeon the compressegersionsof thatsamemage.

An independengold standards formedby theagreemenof themember®f anindependenpanelof particularly
expertradiologistsand

A sepaate gold standardis producedby the resultsof autopsy sumical biopsy readingof imagesfrom a
differentimagingmodality; or subsequentlinical or imagingstudies.

The consensusethodhasthe advantageof simplicity, but the judging radiologistsmay not agreeon the exact
diagnosisgvenon the original image. Of course this may happeramongthe membersf the independenpanelas
well, but in thatcaseanimagecanbe removedfrom thetrial or additionalexpertscalleduponto assist.Eithercase
may entailtheintroductionof concernsasto generalizabilityof subsequentesults.

In the CT study in an effort to achieve consensu$or thosecasesvherethe initial CT readingsdisagreedn the
numberor locationof abnormalitiesthe judgeswereasked separatelyo review their readingof thatoriginal. If this
did notproduceagreementhejudgesdiscussedheimagetogether Siximagedn eachCT studycouldnotbeassigned
a consensugold standarddueto irreconcilabledisagreementThis was a fundamentaddravback of the consensus
gold standardandour subsequenstudiesdid not usethis method. Although thoseimageseliminatedwere clearly
more controversialanddif cult to diagnosethanthe others,it cannotbe saidwhetherthe removal of diagnostically
controversialimagesfrom the studybiasesthe resultsin favor of compressioror againstit. Their failureto have a
consensugold standardie ned wasbasednly ontheuncompressedersionsandit cannotbe saida priori thatthe
compressioralgorithmwould have a hardertime compressinguchimages.The consensusyhenachieved,couldbe
attainedeitherby initial concordancemongthe readingsof the threeradiologists or by subsequentiscussiorof the
readingsduringwhich oneor morejudgemight changehis or herdecision.The consensusvasclearlymorelikely to
be attainedfor thoseoriginal imageswherethe judgeswerein perfectagreemeninitially andthuswherethe original
imageswould have perfectdiagnosticaccurag relative to thatgold standardThereforethis gold standardhasaslight
biasfavoring the originals,which is thoughtto help make the studysafely conserative, andnot unduly promotional
of speci c compressionechniques.

The personalgold standards even more strongly biasedagainstcompression.It de nes a judge's readingon
anoriginal imageto be perfect,andusesthatreadingasthe basisof comparisorfor the compressedersionsof that
image.If thereis any componenof randomerrorin themeasuremergrocesssincethepersonabold standardle nes
the diagnose®n the originalsto be correct(for thatimageandthat judge),the compressedmagescannotpossibly
performaswell asthe originalsaccordingto this standard.Thatthereis a substantiacomponenbf randomerrorin
thesestudiesis suggestedby the fact thattherewere several imagesduring our CT testson which judgeschanged
their diagnosedackandforth, marking,for example,1 lesionon the originalimageaswell ason compressetkvels
E andB, andmarking2 lesionson the in-betweencompressedkevels F, D, andA. With a consensugold standard,
suchchangegendto balanceout. With a personabold standardthe original is alwaysright, andthe changesount
againstcompression.Becausehe compressedevels have this severe disadwantage the personalgold standardis
usefulprimarily for comparingthe compressedevels amongthemseles. Comparison®f the original imageswith
the compressednesare conserative. The personalgold standardhas,however, the advantagethat all imagescan
be usedin the study We no longerhave to be concernedwith the possiblebiasfrom the imageseliminateddueto
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failure to achieze consensusOne argumentfor the personaktandards thatin someclinical settingsa fundamental
guestionis how thereportsof a radiologistwhoseinformationis gatheredrom compresseimagescompareo what
they would have beenontheoriginals,theassumptiomeingthatsystematibiasesof aradiologistarewell recognized
andcorrectedor by thereferringphysicianawvho regularly sendcasedo thatradiologist. The personagold standard
thusconcentratesn consisteng of individual judges.

The independengold standards what mary studiesuse,andwould seemto be a good choice. However, it is
not without drawbacks. First of all, thereis the dangerof a systematidiasappearingn the diagnosef a judge
in comparisorto the gold standard.For example,a judgewho consistentlychoosedo diagnosetiny equivocal dots
asabnormalitiesvhenthe membersof the independenpanelchooseto ignore suchoccurrencesvould have a high
falsepositive raterelative to thatindependengold standard The computemprocessingnay have someactualeffecton
this judge’s diagnosesbut this effect might be swampedin comparisorto this baselinehigh falsepositive rate. This
is an amgumentfor usingthe personalgold standardaswell asthe independengold standard.The otherdravback
of anindependengold standards somavhat moresubtle,andis discussedater In the MR study the independent
panelwascomposeaf two seniorradiologistsvho rst measuredhebloodvesselseparatehandthendiscusseénd
remeasureth thosecaseswheretherewasinitial disagreement.

A separatstandardvould seemto bethebestchoice,but it is generallynot available. With phantormrstudiesthere
is of coursea“diagnostictruth” thatis establishe@ndknown entirely separatelyrom thediagnostigprocessBut with
actualclinical imagesthereis oftenno autopsyor biopsy asthe patientmaybealive andnotoperatedipon. Thereare
unlikely to be ary imagesfrom otherimagingmodalitiesthat canaddto theinformationavailablefrom the modality
undertest,sincethereis typically onebestway for imaginga given pathologyin a given part of thebody. And the
imagedatasetfor the clinical study may be very dif cult to gatherif onewishesto restrictthe imagesetto those
patientsfor whomtherearefollow-up procedure®r imagingstudieswhich canbe usedto establisha gold standard.
In ary caselimiting theimagego thosepatientsvho have subsequergtudiesdonewouldintroduceobviousbiasinto
the study

In summary the consensusnethodof achieving a gold standarchasa major dravbacktogetherwith the minor
adwantageof easeof availability. The otherthreemethodsfor achieving a gold standardall have both signi cant
adwantagegnddisadwantagesandperhapghe bestsolutionis to analyzethe dataagainstmorethanonede nition of
diagnostidruth.

8 Concluding Remarks

We have suneyedseveralkey componentsequiredfor evaluatingthe quality of compresse@nagesithecompression
itself; threedatasetsto be consideredn depthin subsequenthapters;quantitatve measureof quality involving
measureof pixel intensity distortion, obsener judged subjectve distortion, and diagnosticaccurayg; and, lastly,
several notionsof “gold standard™with respectto which quality canbe compared.In the next chaptertheseideas
provide a context anda collectionof toolsfor a detailedanalysisof threespeci ¢ medicalimagemodalitiesandtasks.
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