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1 Intr oduction

As radiologybecomesincreasinglydigital andpicturearchive andcommunicationsystems(PACS) move from re-
searchto developmentandpractice,the quantityof digital informationgeneratedthreatensto overwhelmavailable
communicationandstoragemedia.While thesemediawill improve with technology, theneedfor ef�ciency will re-
mainfor inherentlynarrow bandlinks suchassatellites,wireless,andexisting mediasuchastwistedpair which will
remainusefulfor many years.Theexpectedgrowth in digital dataasxraysbecomedigital will balancemuchof the
expectedgainin transmissionbandwidthandlocal storage.Typical high resolutiondigital mammogramsrequiretens
of megabytesfor eachimage.Thetransferof a collectionof studiesfor researchor educationacrosstheInternetcan
takehours.

Imagecompressioncanprovide increasesin transmissionspeedandin the quantityof imagesstoredon a given
disk. Losslesscompression,in which an original imageis perfectly recoverablefrom the compressedformat, can
beusedwithout controversy. However, its gainsarelimited, rangingfrom a typical 2:1 compression(i.e., producing
computer�les of half theoriginalsize)to anoptimistic4:1. Seriouscompressionof 10:1or moremustbelossyin that
theoriginal imagecannotberecoveredfrom thecompressedformat;onecanonly recoveranapproximation.

How doesoneevaluatetheapproximation?Clearlytheusefulnessof imagecompressiondependscritically on the
quality of theprocessedimages.Quality is anattributewith many possiblede�nitions andinterpretations,depending
on theuseto which the imageswill beput. Sometimesit is felt that for a compressedimageto beconsidered“high
quality,” it shouldbevisuallyindistinguishablefrom theoriginal. Thisis sometimesreferredto as“transparentquality”
or “perceptuallylossless”sincetheuseof compressionon the imageis transparentto theviewer. Upon�rst consid-
eration,this conceptof visually indistinguishablewould seemto be a simplede�nition of a perceptuallyimportant
quality thresholdthateveryonecouldagreeupon.This is not thecase.Two imagesthatarevisually indistinguishable
whenseenby a certainpersonmay be distinguishablewhenseenby someoneelse. For example,a pair of medical
imagesviewed by lay peoplemay appearidentical,but a radiologisttrainedin viewing thoseimagesmight detect
differences.Similarly, a pair of imagesseenby thesamepersonundercertainviewing conditionsmayappeariden-
tical, but whenseenunderdifferentconditionsof ambientlighting, viewing distance,or displaycharacteristicsmight
be easilyseento differ. A third issueis thata compressedimagemight differ from theoriginal without necessarily
beingworse. To hold up transparentquality astheultimatequality goal is to ignorethepossibility thatcertaintypes
of computerprocessing,includingcompression,canin somecasesmake imagesmorepleasingperceptuallythanthe
originals.A fourth issueis thatimageshavedifferentapplications,andtheterm“high quality” maybeusedto denote
usefulnessfor a speci�c applicationratherthanto indicatethatanimageis perceptuallypleasingor visually identical
to anoriginal. For all of thesereasons,themeasurementof imagequality is a dif�ult task,andonly a few researchers
considerqualityasabinaryquantitythateithermeetsthetransparentqualitystandardor doesnot. No singleapproach
to qualitymeasurementhasgaineduniversalacceptance.Thevariousapproachescanbecategorizedinto thefollowing
threegroups:

� computableobjectivedistortionmeasuressuchassquarederroror signal-to-noiseratio,

� subjectivequalityasmeasuredby psychophysicaltestsor questionnaireswith numericalratings,and

� simulationandstatisticalanalysisof a speci�c applicationof the images,e.g.,diagnosticaccuracy in medical
imagesmeasuredby clinical simulationandstatisticalanalysis.

Within this latter category of evaluationmethods,the methodologyof receiver operatingcharacteristic(ROC)
curveshasdominatedhistorically, but a variety of otherapproacheshave beenusedin which radiologistsmay be
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calleduponto performvariousinterpretive tasks. Radiologistsdetectandlocalizethe disease,make measurements
of variousstructures,andmake recommendationsfor patientmanagement.The utility of a medicalimagecanbe
evaluatedin termsof how well it contributesto thesefunctions.

In this chapter, we begin with a brief introductionto imagecompression,and to the 3 differentsetsof medical
imageswhich form the basisof our studies. We discusssignal-to-noiseratiosandsubjective quality ratingsin the
context of thesedatasets,aswell asROC methodology. In thenext chapter, we presenttheclinical studiesincluding
detection,measurement,andmanagementtasks,andin thefollowing chapter, wediscussanumberof statisticalissues
whicharisein thissortof clinical experiment.

2 ImageCompression

Imagecompressionseeksto reducethe numberof bits involved in representingan image. Most compressionalgo-
rithmsin practicearedigital, beginningwith aninformationsourcethatis discretein timeandamplitude.If animage
is initially analogin spaceandamplitude,onemust�rst renderit discretein bothspaceandamplitudebeforecompres-
sion.Discretizationin spaceis generallycalledsampling–thisconsistsof examiningtheintensityof theanalogimage
ona regulargrid of pointscalledpictureelementsor pixels. Discretizationin amplitudeis simplyscalarquantization:
a mappingfrom a continuousrangeof possiblevaluesinto a �nite setof approximatingvalues.Thetermanalog-to-
digital (A/D) conversionis oftenusedto meanbothsamplingandquantization–thatis, theconversionof asignalthat
is analogin bothspaceandamplitudeto asignalthatis discretein bothspaceandamplitude.Sucha conversionis by
itself anexampleof lossycompression.

A generalsystemfor digital imagecompressionis depictedin Figure1. It consistsof oneor moreof thefollowing
operations,whichmaybecombinedwith eachotheror with additionalsignalprocessing:

Original

Image
�

Signal
Decomposition

� Quantization �

Lossless

Coding
�

Compressed

Bit Stream

Figure1: Imagecompressionsystem

� Signaldecomposition: The imageis decomposedinto several imagesfor separateprocessing.The mostpop-
ular signal decompositionsfor imageprocessingare linear transformationsof the Fourier family, especially
the discretecosinetransform(DCT), and �ltering with a subbandor wavelet �lter bank. Both methodscan
be viewed as transformsof the original imagesinto coef�cients with respectto somesetof basisfunctions.
Therearemany motivationsbehindsuchdecompositions.Transformstendto “mashup” the dataso that the
effectsof quantizationerrorarespreadoutandultimatelyinvisible. Goodtransformsconcentratethedatain the
lower ordertransformcoef�cients sothatthehigherordercoef�cients canbecodedwith few or no bits. Good
transformstendto decorrelatethedatawith theintentionof renderingsimplescalarquantizationmoreef�cient.
The eye andeararegenerallyconsideredto operatein the transformdomain,so that it is naturalto focuson
codingin thatdomainwherepsychophysicaleffectssuchasmaskingcanbeeasilyincorporatedinto frequency
dependentmeasuresof distortion. Lastly, the transformeddatamay provide a usefuldatastructure,asdo the
multiresolutionrepresentationsof waveletanalysis.

� Quantization: High ratedigital pixel intensitiesareconvertedinto relatively small numbersof bits. This op-
erationis nonlinearandnoninvertible; it is “lossy.” The conversioncanoperateon individual pixels (scalar
quantization)or groupsof pixels (vectorquantization).Quantizationcanincludediscardingsomeof thecom-
ponentsof thesignaldecompositionstep.Ouremphasisis onquantizerdesign.

� Losslesscompression: Furthercompressionis achievedby an invertible (lossless,entropy) codesuchasrun-
length,Huffman,Lempel-Ziv, or arithmeticcode.

Many approachesto systemsfor imagecompressionhave beenproposedin the literatureand incorporatedinto
standardsandproducts,bothsoftwareandhardware.Wenotethatthemethodsdiscussedin thischapterfor evaluating
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thequality andutility of lossycompressedmedicalimages,do not dependon thecompressionalgorithmat all. The
readeris referredto theliteratureon thesubjectfor moreinformationon imagecompression[50, 23].

3 The thr eedata sets

In thischapterandthefollowing two chapters,resultsarepresentedfor threedatasets:computerizedtomography(CT),
magneticresonance(MR), andmammographicimages.As will beseenlater, thesethreestudiesprovideexamplesof
thedetection,localization,measurement,andmanagementaspectsof a radiologist's interpretativefunctions.

3.1 CT study

TheCT studyinvolvedtwo differentsetsof chestimages.In one,thediagnostictaskwasthedetectionof abnormally
enlargedlymph nodes,and in the other, the taskwas to detectlung nodules. Thirty patientstudieswereusedfor
eachtask. The CT imageswerecompressedusingprunedpredictive vectorquantization[23] appliedto 2 � 2 pixel
blocks[15]. This methodinvolvesno transformof thedata.Vectorquantizersareoftendesignedfor a trainingsetof
representativeimagesthatcanprovideinformationaboutthestatisticssuchasthespatialcorrelationsthataretypically
found in thoseimages.In sucha situation,the compressionalgorithmwill performbestfor imagesthataresimilar
to thoseusedin the trainingset. For this studytwenty CT imagesof themediastinumwereusedin the trainingset
for detectingenlargedlymph nodes,and20 CT lung imageswereusedin thetrainingsetfor detectinglung nodules.
All 512 � 512pixel imageswereobtainedusinga GE 9800scanner(120kV, 140mA,scantime 2 secondsperslice,
boresize38cm,�eld-of-view 32–34cm). Althoughno formal researchwasundertakento determineaccuratelywhat
constitutes“representative” CT images,two radiologistswereconsultedconcerningthe typical rangeof appearance
of adenopathyand nodulesthat occursin daily clinical practice. The training and test imageswere chosento be
approximatelyrepresentativeof thisrange,andincludedimagesof bothnormalandabnormalchests.Thelungnodules
rangedin sizefrom 0.4to 3.0cm,with almostall nodulesbetween0.4and1.5cm,andtheabnormallymphnodeswere
between0.6and3.5cm. Thestudyalsohada lowerpercentageof normalchestimagesthanwould beencounteredin
daily practice.

For eachstudy(lymph nodes,lung nodules),theoriginal thirty testimageswereencodedat 6 compressionlevels:
0.57,1.18,1.33,1.79,2.19,and2.63bits perpixel (bpp). Theoriginal testimagesareconsideredto be11-bit data.
Figure2 shows an original 11 bpp CT lung imageto which the “windows andlevels” contrastadjustmenthasbeen
applied. Although thescannerwascapableof producing12-bit data,it wasfound for this datasetthat the12th bit
wasneverused.Patientstudiesrepresentedin thetrainingsetwerenotusedastestimages,andtheresultsreportedon
SNR,subjectivequality, anddiagnosticaccuracy arebasedonly on testimages.

3.2 MR study

In theMR study, thediagnostictaskwasto measurethesizeof bloodvesselsin MR chestscans,aswould bedonein
evaluatingaorticaneurysms.Thestudyhadasits goalto quantifytheeffectsof lossycompressionon theaccuracy of
thesemeasurements[47, 46]. As in theCT study, theimagecompressionschemewaspredictiveprunedtree-structured
vectorquantization,althoughin thiscaseit wasappliedto blocksof 2 � 4 pixels.

Thetrainingdataof 20MR chestscanswerechosento includea wide rangeof bothaneurysmsandnormalvessel
structures.An additional30 scanswerechosenastestimages.All imageswereobtainedusinga 1.5 T wholebody
imager(Signa,GE MedicalSystems,Mil waukee,WI), a bodycoil, andanaxial cardiacgatedT1 weightedspinecho
pulsesequencewith thefollowing parameters:Cardiacgatingwith repetitiontime (TR) of 1 R-R interval, echotime
(TE) of 15-20msec,respiratorycompensation,numberof repetition(NEX) of 2, 256 � 192matrix,slicethicknessof
7 mmwith a3 mminterslicegap.

Thecompressionratesfor thisstudywere0.36,0.55,0.82,1.14,and1.70bppon the30 testimages.Thesebitrates
arerepresentedby compressionlevels1-5. Theoriginal scansat 9.0bpparerepresentedby level 6.

Figure3(a)shows anoriginal 9.0bppMR chestscan.Figure3(b) shows thesameimagecompressedto 1.14bpp
andFigure3(c) showstheimagecompressedto 0.36bpp.
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Figure2: Original11.0bppCT chestscan
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Figure3: (a) Original 9.0 bpp MR chestscan,(b) MR chestscancompressedto 1.14bpp, and(c) MR chestscan
compressedto 0.36bpp
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3.3 Mammogram study

The mammographystudy involved a variety of tasks: detection,localization,measurement,andmanagementdeci-
sions.Thiswork hasbeenreporteduponin [45, 2, 24] aswell asin therecentStanfordPh.D.thesisof Bradley J.Betts
[8] whichalsoincludesdetailedanalysesof a muchlargertrial. Theimagedatabasewasgeneratedin theDepartment
of Radiologyof theUniversityof VirginiaSchoolof Medicineandis summarizedin Table1. The57studiesincluded
a varietyof normalimagesandimagescontainingbenignandmalignantobjects.Corroborative biopsyinformation
wasavailableonat least31of thetestsubjects.

6 benignmass
6 benigncalci�cations
5 malignantmass
6 malignantcalci�cations
3 malignantcombinationof mass& calci�cations
3 benigncombinationof mass& calci�cations
4 breastedema
4 malignantarchitecturaldistortion
2 malignantfocalasymmetry
3 benignasymmetricdensity
15 normals

Table1: DataTestSet:57studies,4 viewsperstudy.

The imageswerecompressedusingSetPartitioning in HierarchicalTrees(SPIHT) [54], analgorithmin thesub-
band/wavelet/pyramidcodingclass.Thesecodestypically decomposethe imageusinganoctave subband,critically
sampledpyramid,or completewavelettransformation,andthencodetheresultingtransformcoef�cients in anef�cient
way. Thedecompositionis typically producedby ananalysis�lter bankfollowedby downsampling.

Themostef�cient waveletcodingtechniquesexploit boththespatialandfrequency localizationof wavelets.The
ideais to groupcoef�cients of comparablesigni�canceacrossscalesby spatiallocationin bandsorientedin thesame
direction.Theearlyapproachof Lewis andKnowles[31] wasextendedby Shapiroin his landmarkpaperon embed-
dedzerotreewaveletcoding[57], andthebestperformingschemesaredescendentsor variationson this theme.The
approachprovidescodeswith excellentrate-distortiontradeoffs, modestcomplexity to implement,andanembedded
bit stream,whichmakesthecodesusefulfor applicationswherescalabilityor progressivecodingareimportant.Scal-
ability implies thereis a “successive approximation”propertyto thebit stream.This featureis particularlyattractive
for a numberof applications,especiallythosewhereonewishesto view animageassoonasbits begin to arrive,and
wherethe imageimprovesasfurther bits accumulate.With scalablecoding,a singleencodercanprovide a variety
of ratesto customerswith differentcapabilities.Imagescanbereconstructedto increasingquality asadditionalbits
arrive.

After experimentingwith a varietyof algorithms,we choseSaidandPearlman's variation[54] of Shapiro's EZW
algorithmbecauseof its goodperformanceandtheavailability of working softwarefor 12bpporiginals.We usedthe
default �lters (9-7 biorthogonal�lter) in thesoftwarecompressionpackageof SaidandPearlman[54]. Thesystem
incorporatestheadaptivearithmeticcodingalgorithmconsideredin Witten,Neal,andCleary[66].

For ourexperimentadditionalcompressionwasachievedby asimplesegmentationof theimageusinga threshold-
ing rule. Thissegmentedtheimageinto a rectangularportioncontainingthebreast— theregionof interestor ROI —
anda backgroundportioncontainingthedarkareaandany alphanumericdata.Thebackground/labelportionof the
imagewascodedusingthesamealgorithm,but at only 0.07bpp,resultingin higherdistortionthere.We reporthere
SNRsandbit ratesfor boththefull imageandfor theROI.

Theimagetestsetwascompressedin this mannerto threebit rates:1.75bpp,0.4bpp,and0.15bpp,wherethebit
ratesreferto ratesin ROI. Theaveragebit ratesfor thefull imagethusdependedon thesizeof theROI. An example
of theSaid-Pearlmanalgorithmwith a12bpporiginaland0.15bppreproductionis givenin Figure4.
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Figure4: Original ImageandCompressedImageat 0.15bppin theROI

4 Averagedistortion and SNR

By far themostcommoncomputableobjective measuresof imagequality aremeansquarederror(MSE) andsignal-
to-noiseratio(SNR).Supposethatonehasasystemin whichaninputpixel blockor vector
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A commonalternative normalizationwhenthe input is itself an U bit discretevariableis to replacethe varianceor
energy by themaximuminputsymbolenergy
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, yielding theso-calledpeaksignal-to-noiseratio (PSNR).
A key attributeof usefuldistortionmeasuresis easeof computation,but otherpropertiesarealsoimportant.Ideally

a distortionmeasureshouldre�ect perceptualquality or usefulnessin a particularapplication.No easilycomputable
distortionmeasuresuchassquarederror is generallyagreedto have this property. Commonfaultsof squarederror
arethata slight spatialshift of an imagecausesa largenumericaldistortionbut no visualdistortionand,conversely,
a smallaveragedistortioncanresultin a damagingvisualartifact if all theerror is concentratedin a small important
region. It is becauseof suchshortcomingsthatmany otherquality measureshave beenstudied.Thepioneeringwork
of Budrikus[10], Stockham[60], andMannosandSakrison[36] wasaimedat developingcomputablemeasuresof
distortionthatemphasizeperceptuallyimportantattributesof animageby incorporatingknowledgeof humanvision.

7



Theirsandsubsequentwork hasprovideda bewildering varietyof candidatemeasuresof 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 speechcompressionandotherdigital speechprocessing[49]. Examplesaregeneral��� normssuchas
theabsoluteerror( �

�

), thecuberootof thesumof thecubederrors( ��� ), andmaximumerror( ��� ), aswell asvariations
onsucherrormeasuresthatincorporatelinearweighting.A popularform is weightedquadraticdistortionthatattempts
to incorporatepropertiesof thehumanvisualsystemsuchassensitivity to edges,insensitivity to textures,andother
maskingeffects.Theimageandtheoriginalcanbetransformedprior to computingdistortionproviding awide family
of spectraldistortions,whichcanalsoincorporateweightingin thetransformdomainto re�ect perceptualimportance.
Alternatively, onecancapturetheperceptualaspectsby linearly �ltering theoriginalandreproductionimagesprior to
forming a distortion,which is equivalentto weightingthedistortionin the transformdomain. A simplevariationof
SNRthathasprovedpopularin thespeechandaudio�eld is thesegmentalSNRwhich is anaverageof localSNRsin
a log scale[28, 49], effectively replacingthearithmeticaverageof distortionby a geometricaverage.

In additionto easingcomputationandre�ecting perceptualquality, athirddesirablepropertyof adistortionmeasure
is tractabilityin analysis.Thepopularityof squarederroris partlyowedto thewealthof theoryandnumericalmethods
availablefor the analysisandsynthesisof systemsthat areoptimal in the senseof minimizing meansquarederror.
Onemight designa systemto minimize meansquarederror becauseit is a straightforward optimization,but then
usea different,morecomplicated,measureto evaluatequality becauseit doesbetterat predictingsubjective quality.
Ideally, onewould liketo haveasubjectively meaningfuldistortionmeasurethatcouldbeincorporatedinto thesystem
design.Therearetechniquesfor incorporatingsubjectivecriteriainto compressionsystemdesign,but thesetendto be
somewhat indirect. For example,onecantransformthe imageandassignbits to transformcoef�cients accordingto
their perceptualimportanceor usepost�ltering to emphasizeimportantsubbandsbeforecompression[51, 52, 60].

Thetraditionalmannerfor comparingtheperformanceof differentlossycompressionsystemsis to plot distortion-
rateor SNRvs. bit ratecurves. Figure5(a)shows a scatterplot of the rate-SNRpairsfor 24 imagesin the lung CT
study. Only thecompressedimagescanbeshown on this plot, astheoriginal imageshave by de�nition no noiseand
thereforein�nite SNR.Theplot includesa quadraticspline�t with a singleknot at 1.5 bpp. Regressionsplines[48]
aresimpleand�e xible modelsfor trackingdatathatcanbe�t by leastsquares.The�tting tendsto be“local” in that
the �tted averagevalueat a particularbit rateis in�uencedprimarily by observeddataat nearbybit rates.Thecurve
has4 unknown parameters,andcanbeexpressedas
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It is quadratic“by region,” andis continuouswith a continuous�rst derivative acrosstheknot, wherethe functional
form of thequadraticchanges.Quadraticspline�ts providegoodindicationsof theoveralldistortion-rateperformance
of thecodefamily on the testdata. In this case,the locationof theknot waschosenarbitrarily to benearthecenter
of thedataset. It would have beenpossibleto allow thedatathemselvesguidethechoiceof knot location.TheSNR
resultsfor theCT mediastinalimageswereverysimilar to thosefor thelungtask.For theMR study, Figure5(b)shows
SNRversusbit ratefor the30 testimagescompressedto the5 bit rates.Theknot is at1.0bpp.

For the mammograhystudy, the SNRsaresummarizedin Tables2–3. The overall averagesarereportedaswell
astheaveragesbrokenout by imagetypeor view (left andright breast,CC andMLO view). This demonstratesthe
variability amongvariousimagetypesaswell astheoverallperformance.Two setsof SNRsandbit ratesarereported:
ROI only andfull image.For theROI SNRtheratesareidenticalandcorrespondto thenominalrateof thecodeused
in theROI. For thefull imagestheratesvarysincetheROI codeis usedin oneportionof theimageandamuchlower
ratecodeis usedin theremainingbackgroundandtheaveragedependson thesizeof theROI, which variesamong
theimages.A scatterplot of theROI SNRsis presentedin Figure6.

It shouldbeemphasizedthatthis is theSNRcomparingthedigital originalwith thelossycompressedversions.

5 Subjective Ratings

Subjectivequality of a reconstructedimagecanbejudgedin many ways.A suitablyrandomizedsetof imagescanbe
presentedto expertsor typical userswho ratethem,oftenona scaleof 1 to 5. Subsequentstatisticalanalysiscanthen
highlight averages,variability, andothertrendsin thedata.Suchformalizedsubjective testingis commonin speech
andaudiocompressionsystemsasin theMeanOpinionScore(MOS) andthedescriptive ratingcalledthediagnostic
acceptabilitymeasure(DAM) [1, 49, 62]. Therehasbeennostandardizationfor ratingstill images.
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Figure5: SNRasa functionof bit ratefor (a)CT lung images,and(b) MR images.Thex's indicatedatapointsfor all
images,judgesandcompressionlevels.

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 ROI SNR:WaveletCoding

A usefulattributeof anobjectivequalitymeasuresuchasSNRwouldbetheability to predictsubjectivequality. For
medicalimages,it maybemoreimportantthatacomputableobjectivemeasurebeableto predictdiagnosticaccuracy
ratherthansubjective quality. A potentialpitfall in relatingobjective distortionmeasuresto subjective quality is the
choiceof imagedistortionsusedin thetests.Someof theliteratureon thesubjecthasconsideredsignal-independent
distortionssuchas additive noiseand blurring, yet it hasbeenimplied that the resultswere relevant for strongly
signaldependentdistortionssuchasquantizationerror. Experimentsshouldimitatecloselytheactualdistortionsto be
encountered.

Theassessmentof subjective quality attemptedto relatesubjective imagequality to diagnosticutility. For theMR
study, eachradiologistwasasked at the time of measuringthe vesselsto “assigna scoreof 1 (least)to 5 (most)to
eachimagebasedon its usefulnessfor themeasurementtask.” Theterm“usefulness”wasde�ned as“your opinionof
whethertheedgesusedfor measurementswereblurry or distorted,andyour con�denceconcerningthemeasurement
you took.” The questionwasphrasedin this way becauseour concernis whethermeasurementaccuracy is in fact
maintainedevenwhentheradiologistperceivestheimagequality asdegradedandmayhave lost somecon�dencein
theutility of theimagefor thetaskathand.It is notclearto uswhetherradiologistsareinculcatedduringtheir training
to assessquality visually basedon the entire image,or whetherthey rapidly focuson the medically relevant areas
of the image. Indeed,onemight reasonablyexpectthat radiologistswould differ on this point, anda questionthat
addressedoverallsubjectivequalitywould thereforeproduceavarietyof interpretationsfrom thejudges.By focusing
thequestiononthespeci�c measurementandtheradiologists'con�dencein it regardlessof whatportionof theimage
contributedto that con�dencelevel, andthenby examiningthe relationshipbetweenactualmeasurementerror and
thesesubjectiveopinions,wehopedto obtaindatarelevantto thequestionof whetherradiologistscanbeaskedto trust
their diagnosesmadeon processedimagesin which they maylack full con�dence.No attemptwasmadeto link the
5 possiblescoresto speci�c descriptive phrases,asis donewith theMeanOpinion Scorerating systemfor speech.
However, the radiologistswereasked to try to usethe whole scale. The CT subjective assessmentwasperformed
separatelyfrom thediagnostictaskby threedifferentradiologists.Thephrasingof thequestionwasverysimilar.

Imagescompressedto lower bit ratesreceivedworsequality scoresaswasexpected.Figure7 shows subjective
scorevs. bit ratefor theCT mediastinumstudy. Thedataare�t with a quadraticsplinewith a singleknot. Figure8
shows thegeneraltrendof meansubjective scoreversusmeanbit ratefor theMR study. A spline-like function that
is quadraticfrom 0 to 2.0 bppandlinear from 2.0 to 9.0 bppwas�t to thedata. The splineshave knotsat 0.6 bpp,
1.2bpp,and2.0bpp. Figure9 shows a spline�t of subjective scoreplottedagainstactualbit ratefor thecompressed
levelsonly for theMR study. Thegeneralconclusionfrom theplots is that thesubjective scoresat thehigherlevels
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werequitecloseto thesubjectivescoreson theoriginals,but at lower levelstherewasa steepdrop-off of scoreswith
decreasingbit rate.
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Figure7: Subjectiveratingsvs.bit ratefor theCT mediastinumstudy
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Thesescorescanalsobeanalyzedby theWilcoxonsignedranktest.Thepairedt-testmaybeslightly lessapplicable
sincethesubjectivescores,whichareintegersovera very limited range,clearlyfail to �t a Gaussianmodel.We note
thatscoresareassignedto theentireimageratherthanto any subsectionof animage,suchaseachof thebloodvessels
in that image. More detailedinformationwould be neededfor a morethoroughanalysissincesubjective scorein
the MR experimentis meantto re�ect the quality of the imagefor vesselmeasurement,andthis may differ for the
differentbloodvessels.TheWilcoxonsignedranktestshowedthatthesubjectivescoresfor theMR studyatall of the
six compressionlevelsdiffer signi�cantly from thesubjective scoresof theoriginalsat ���

L

T

L

�

for a 2-tailedtest.
Thesubjectivescoresatall thecompressionlevelsalsodiffer signi�cantly from eachother. As will bediscussedlater,
it appearsthata radiologist'ssubjectiveperceptionof qualitychangesmorerapidlyanddrasticallywith decreasingbit
ratethandoestheactualmeasurementerror.

5.1 Mammography Subjective Ratings

For themammographystudy, Table4 providesthemeansandstandarddeviationsfor thesubjective scoresfor each
radiologistseparatelyand for the radiologistspooled. The distribution of thesesubjective scoresis displayedin
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Figure9: Subjective scorevs. bit ratefor the MR study. The x's indicatedatapointsfor all images,pooledacross
judgesandcompressionlevels.

Figures10–12. Level 1 refersto the original analogimages,Level 2 to the uncompresseddigital, Level 3 to those
imageswherethebreastsectionwascompressedto 0.15bppandthelabel to .07bpp,Level 4 to thoseimageswhere
thebreastsectionwascompressedto .4 bppandthe label to .07 bpp,andLevel 5 to thoseimageswherethe breast
sectionwascompressedto 1.75bppandthelabelto .07bpp.

Figure10 displaysthe frequency for eachof the subjective scoresobtainedwith the analoggold standard.Fig-
ure11displaysthefrequency for eachof thesubjectivescoresobtainedwith theuncompresseddigital images(judges
pooled),andFigure12displaysthefrequency for eachof thesubjectivescoresobtainedwith thedigital imagesatLevel
3.
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Figure10: SubjectiveScores:AnalogGoldStandard

UsingtheWilcoxonsignedranktest,theresultswereasfollows.

JudgeA: All levelsweresigni�cantly differentfrom eachotherexceptthedigital to .4 bpp,digital to 1.75bpp,and
.4 to 1.75bpp.

JudgeB: Theonly differencesthatweresigni�cant were.15bppto .4 bppand.15bppto digital.
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level judge mean stdev
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: SubjectiveScores
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Figure11: SubjectiveScores:Original Digital
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Figure12: SubjectiveScores:LossyCompressedDigital at0.15bpp

JudgeC: All differencesweresigni�cant.

All judgespooled: All differencesweresigni�cant exceptdigital to .15 bpp,digital to 1.75bpp, .15 to .4 bpp,and
.15to 1.75bpp.

Comparingdifferencesfrom the independentgold standard,for JudgeA all weresigni�cant exceptdigital uncom-
pressed;for JudgeB all weresigni�cant; andfor JudgeC all weresigni�cant except1.75bpp.Whenthejudgeswere
pooled,all differencesweresigni�cant.

Thereweremany statisticallysigni�cant differencesin subjectiveratingsbetweentheanalogandthevariousdigital
modalities,but someof thesemay have beena resultof the differentprinting processesusedto createthe original
analog�lms and the �lms printed from digital �les. The �lms were clearly different in size and in background
intensity. Thejudgesin particularexpresseddissatisfactionwith thefactthatthebackgroundin thedigitally produced
�lms wasnotasdarkasthatof thephotographic�lms, eventhoughthis ideallyhadnothingto dowith theirdiagnostic
andmanagementdecisions.

6 DiagnosticAccuracy and ROC methodology

Diagnostic“accuracy” is oftenusedto meanthefractionof casesonwhichaphysicianis “correct,” wherecorrectness
is determinedby comparingthediagnosticdecisionto somede�nition of “truth.” Therearemany differentwaysthat
“truth” canbe determined,andthis issueis discussedin Section7. Apart from this issue,this simplede�nition of
accuracy is �a wedin two ways. First, it is stronglyaffectedby diseaseprevalence.For a diseasethatappearsin less
thanonepercentof thepopulation,a screeningtestcould trivially bemorethan99%accuratesimply by ignoringall
evidenceanddeclaringthe diseaseto 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. Therelativecostsof thesetwo typesof errorsaregenerallynotequal.Thesecanbedifferentiatedby
measuringdiagnosticperformanceusingapair of statisticsre�ecting therelative frequenciesof thetwo errortypes.

Toward this endsupposefor themomentthat thereexistsa “gold standard”de�ning the “truth” of existenceand
locationsof all lesionsin a setof images.With eachlesionidenti�ed in thegold standard,a radiologisteithergetsit
correct(true positiveor TP) or missesit (falsenegativeor FN). For eachlesionidenti�ed by theradiologist,eitherit
agreeswith thegold standard(TPasabove)or it doesnot (falsepositiveor FP).
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Thesensitivity or truepositiverate(or truepositive fraction(TPF))is theprobability ����� thata lesionis saidto be
theregiventhatit is there.This canbeestimatedby relative frequency

Sensitivity
� # TP

# TP + # FN
(3)

Thecomplementof sensitivity is thefalsenegative rate(or fraction) �����

� J 9

� ��� , theprobabilitythata lesionis
saidto notbetheregiventhatit is there.

In anapparentlysimilar vein, thefalsepositive rate ��� � (or falsepositive fraction(FPF))is theprobability thata
lesionis saidto betheregiventhatit is not thereandthetruenegativerate��� � or speci�city is its complement.Here,
however, it is not possibleto de�ne a meaningfulrelative frequency estimateof theseprobablitiesexceptwhenthe
detectionproblemis binary, that is, eachimagecanhave only only onelesionof a singletypeor no lesionsat all. In
this case,exactly onelesionis not thereif andonly if 0 lesionsarepresent,andonecande�ne a truenegative

�
	

as
animagethatis nota truepositive. Henceif thereare

	

images,therelative frequency becomes

Speci�city
� # TN

N
9

#TP
(4)

As discussedlater, in thenonbinarycase,however, speci�city cannotbede�ned in a meaningfulfashiononanimage
by imagebasis.

In thebinarycase,speci�city sharesimportancewith sensitivity becauseperfectsensitivity alonedoesnotpreclude
numerousfalsealarms,while speci�city near1 ensuresthatmissingnotumorsdoesnotcomeat theexpenseof calling
falseones.

An alternative statisticthat is well de�ned in thenonbinarycaseandalsopenalizesfalsealarmsis thepredictive
valuepositive(PVP),alsoknown aspositive predictedvalue(PPV)[64]. This is theprobabilitythata lesionis there
giventhatit is saidto bethere.

PVP
� # of abnormalitiescorrectlymarked

total# of abnormalitiesmarked
�

(5)

PVPis easilyestimatedby relative frequenciesas

PVP
� # TP

# TP+ # FP
�

(6)

Sensitivity, PVP, and,whenit makessense,speci�city, canbeestimatedfrom clinical trial dataandprovideindica-
tion of qualityof detection.Thenext issuesare

1. How doesonedesignandconductclinical experimentsto estimatethesestatistics?

2. How arethesestatisticsusedin orderto make judgmentsaboutdiagnosticaccuracy?

Together, theresponsesto thesequestionsform a protocol for evaluatingdiagnosticaccuracy anddrawing conclu-
sionson therelativemeritsof competingimageprocessingtechniques.Beforedescribingthedominantmethodology
used,it is usefulto formulateseveralattributesthata protocolmight reasonablybeexpectedto have.

� Theprotocolshouldsimulateordinaryclinical practiceascloselyaspossible.Participatingradiologistsshould
performin amannerthatmimicstheirordinarypractice.Thetrialsshouldrequirelittle or nospecialtrainingof
theirclinical participants.

� The clinical trials shouldincludeexamplesof imagescontainingthe full rangeof possibleanomalies,all but
extremelyrareconditions.

� The�ndings shouldbereportableusingtheAmericanCollegeof Radiology(ACR)StandardizedLexicon.

� Statisticalanalysesof thetrial outcomesshouldbebasedonassumptionsasto theoutcomesandsourcesof error
thatarefaithful to theclinical scenarioandtasks.
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1 de�nitely or almostde�nitely negative
2 probablynegative
3 possiblynegative
4 probablypositive
5 de�nitely or almostde�nitely positive

Table5: Subjectivecon�denceratingsusedin ROCanalysis

� Thenumberof patientsshouldbesuf�cient to ensuresatisfactorysizeandpowerfor theprincipalstatisticaltests
of interest.

� “Gold standards”for evaluationof equivalenceor superiorityof algorithmsmustbeclearlyde�ned andconsis-
tentwith experimentalhypotheses.

� Carefulexperimentaldesignshouldeliminateor minimizeany sourcesof biasin thedatathataredueto differ-
encesbetweentheexperimentalsituationandordinaryclinical practice,e.g.,learningeffectsthatmight accrue
if a similar imageis seenusingseparateimagingmodalities.

Receiver operatingcharacteristic(ROC) analysisis the dominanttechniquefor evaluatingthe suitability of radi-
ologic techniquesfor real applications[39, 61, 38, 26]. ROC analysishasits origins in signaldetectiontheory. A
�ltered versionof a signalplusGaussiannoiseis sampledandcomparedto a threshold.If thesampleis greaterthan
the threshold,the signal is declaredto be there,otherwiseit is declaredabsent. As the thresholdis varied in one
direction,theprobabilityof erroneouslydeclaringa signalabsentwhenit is there(a falsedismissal)goesdown, but
theprobabilityof erroneouslydeclaringa signaltherewhenit is not (a falsealarm)goesup. Supposeonehasa large
databaseof waveforms,someof which actuallycontaina signal,andsomeof which do not. Supposefurther that for
eachwaveform,the “truth” is known of whethera signalis presentor not. Onecanseta valueof the thresholdand
examinewhetherthe testdeclaresa signalpresentor not for eachwaveform. Eachvalueof the thresholdwill give
rise to a pair (TPF,FPF),andthesepointscanbeplottedfor many differentvaluesof the threshold.TheROC curve
is a smoothcurve �tted throughthesepoints. The ROC curve alwayspassesthroughthe point (1,1) becauseif the
thresholdis takento belowerthanthelowestvalueof any waveform,thenall sampleswill beabovethethreshold,and
thesignalwill bedeclaredpresentfor all waveforms.In thatcase,thetruepositive fractionis one.Thefalsepositive
fraction is alsoequalto one,sincethereareno truenegative decisions.Similar reasoningshows that theROC curve
mustalsoalwayspassthroughthepoint(0,0),becausethethresholdcanbesetverylarge,andall caseswill bedeclared
negative. A varietyof summarystatisticssuchastheareaundertheROC curve canbecomputedandinterpretedto
comparethequalityof differentdetectiontechniques.In general,largerareaundertheROCcurve is better.

ROC analysishasa naturalapplicationto someproblemsin medicaldiagnosis.For example,in a blood serum
assayof carbohydrateantigens(e.g.,CA 125or CA 19-9) to detectthepresenceof certaintypesof cancer, a single
numberresultsfrom the diagnostictest. The distribution of resultvaluesin actuallypositive andactuallynegative
patientsoverlap.Sono singlethresholdor decisioncriterioncanbefoundwhichseparatesthepopulationscleanly. If
thedistributionsdid not overlap,thensucha thresholdwould exist, andthe testwould beperfect. In theusualcase
of overlappingdistributions,a thresholdmustbe chosen;andeachpossiblechoiceof thresholdwill yield different
frequenciesof thetwo typesof errors.By varyingthethresholdandcalculatingthefalsealarmrateandfalsedismissal
ratefor eachvalueof thethreshold,anROCcurve is obtained.

Transferringthistypeof analysisto radiologicalapplicationsrequiresthecreationof someform of thresholdwhose
variationallowsasimilar tradeoff. For studiesof thediagnosticaccuracy of processedimages,this is accomplishedby
askingradiologiststo providea subjective con�denceratingof their diagnoses(typically on a scaleof 1–5)[39, 61].
An exampleof suchratingsis shown in Table5.

First,only thoseresponsesin thecategoryof highestcertaintyof apositivecaseareconsideredpositive. Thisyields
apair (TPF, FPF)thatcanbeplottedin ROCspace,andcorrespondsto astringentthresholdfor detection.Next, those
casesin eitherof thehighesttwo categoriesof certaintyof apositivedecisionarecountedpositive. Another(TPF, FPF)
point is obtained,andsoforth. Thelastnon-trivial point is obtainedby scoringany caseaspositiveif it correspondsto
any of thehighestfour categoriesof certaintyfor beingpositive. Thiscorrespondsto averylax thresholdfor detection
of disease.Therearealsotwo trivial (TPF, FPF)pointswhich canbeobtained,asdiscussedabove: all casescanbe
declarednegative(TPF=0,FPF=0)or all casescanbedeclaredpositive (TPF=1,FPF=1).
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This type of analysishasbeenusedextensively to examinethe effectsof computerprocessingon the diagnostic
utility of medicalimages.Typesof processingthathavebeenevaluatedincludecompression[22, 21, 65, 30, 6, 9, 35,
56, 14], andenhancement(unsharpmasking,histogramequalization,andnoisereduction).

Althoughby far thedominanttechniquefor quantifyingdiagnosticaccuracy in radiology, ROC analysispossesses
severalshortcomingsfor thisapplication.In particular, it violatesseveralof thestatedgoalsfor aclinical protocol.By
andlarge,thenecessityfor theradiologiststo choose1 of 5 speci�c valuesto indicatecon�dencedepartsfrom ordinary
clinical practice.Althoughradiologistsaregenerallycognizantof differing levelsof con�dencein their �ndings, this
uncertaintyis often representedin a variety of qualitative ways, ratherthanwith a numericalranking. Further, as
imagedataarenonGaussian,methodsthat rely on Gaussianassumptionsaresuspect.Moderncomputer-intensive
statisticalsamplereusetechniquescanhelpgetaroundthefailuresof Gaussianassumptions.ClassicalROC analysis
is not locationspeci�c. The casein which an observer missesthe lesionthat is presentin an imagebut mistakenly
identi�es somenoisefeatureasa lesion in that imagewould be scoredasa true-positive event. Most importantly,
many clinical detectiontasksarenon-binary, in whichcasesensitivity canbesuitablyrede�ned,but speci�city cannot.
Thatis, sensitivity asde�ned in Equation3 yieldsa fractionalnumberfor thewholedataset.But for any oneimage,
sensitivity takeson only thevalues0 and1. Thesensitivity for thewholedatasetis thentheaveragevalueof these
binary-valuedsensitivitiesde�ned for individual images.Whenthedetectiontaskfor eachimagebecomesnon-binary,
it is possibleto rede�nesensitivity for anindividual image:

Sensitivity
� # of truepositivedecisionswithin 1 image

# of actuallypositive itemsin that1 image
(7)

or, changingthelanguageslightly,

Sensitivity
� # of abnormalitiescorrectlyfound

# of abnormalitiesactuallythere
�

(8)

In thiscase,thesensitivity for eachindividual imagebecomesafractionalnumberbetween0 and1, andthesensitivity
for the entiredataset is still the averageof thesesensitivities de�ned for individual images. A similar attemptto
rede�nethespeci�city leadsto

Speci�city
� # of abnormalitiescorrectlysaidnot to bethere

# of abnormalitiesactuallynot there
�

(9)

This doesnot make sensebecauseit hasno naturalor sensibledenominator, as it is not possibleto sayhow many
abnormalitiesareabsent.Thisde�nition is �ne for a truly binarydiagnostictasksuchasdetectionof apneumothorax,
for if the imageis normal then exactly one abnormalityis absent. Early studieswere able to useROC analysis
by focusingon detectiontasksthat wereeither truly binary or that could be renderedbinary. For example,a non-
binarydetectiontasksuchas“locating any andall abnormalitiesthatarepresent”canberenderedbinarysimply by
rephrasingthetaskasoneof “declaringwhetheror not diseaseis present.” Otherwise,sucha non-binarytaskis not
amenableto traditionalROCanalysistechniques.Extensionsto ROCto permitconsiderationof multipleabnormalities
have beendeveloped[18, 11, 12, 13, 59]. For example,the free-responsereceiver operatingcharacteristic(FROC)
observer performanceexperimentallows anarbitrarynumberof abnormalitiesper image,andtheobserver indicates
their perceivedlocationsanda con�denceratingfor eachone. While FROC resolvesthebinary tasklimitationsand
locationinsensitivity of traditionalROC,FROC doesretaintheconstrained5-pointintegerratingsystemfor observer
con�dence,andmakescertainnormalityassumptionsaboutthe resultantdata. Finally, ROC analysishasno natural
extensionto theevaluationof measurementaccuracy in compressedmedicalimages.By meansof speci�c examples
wedescribeanapproachthatcloselysimulatesordinaryclinical practice,appliesto non-binaryandnonGaussiandata,
andextendsnaturallyto measurementdata.

The recentStanfordPh.D. thesisby Bradley J. Betts,mentionedearlier, includesnew technologiesfor analyses
of ROC curves. His focus is on regionsof interestof the curve, that is, on the intersectionof the areaunderthe
curve with rectanglesdeterminedby explicit lower boundson sensitivity andspeci�city. He hasdevelopedsample
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reusetechniquesfor makinginferencesconcerningtheareasenclosedandalsofor constructingrectangularcon�dence
regionsfor pointson thecurve.

7 Determination of a Gold Standard

Thetypical scenariofor evaluatingdiagnosticaccuracy of computerprocessedmedicalimagesinvolvestakingsome
databaseof originalunprocessedimages,applyingsomeprocessingto them,andhaving theentiresetof imagesjudged
in somespeci�edfashionby radiologists.Whetherthesubsequentanalyseswill bedoneby ROCor someothermeans,
it is necessaryto determinea “gold standard”thatcanrepresentthediagnostictruth of eachoriginal image,andcan
serveasa basisof comparisonfor thediagnosesonall theprocessedversionsof thatimage.Therearemany possible
choicesfor thegoldstandard:

� A consensusgoldstandardis determinedby theconsensusof thejudgingradiologistson theoriginal.

� A personalgold standarduseseachjudge's readingson anoriginal (uncompressed)imageasthegold standard
for thereadingsof thatsamejudgeon thecompressedversionsof thatsameimage.

� An independentgoldstandardis formedby theagreementof themembersof anindependentpanelof particularly
expertradiologists,and

� A separate gold standardis producedby the resultsof autopsy, surgical biopsy, readingof imagesfrom a
differentimagingmodality, or subsequentclinical or imagingstudies.

The consensusmethodhasthe advantageof simplicity, but the judging radiologistsmay not agreeon the exact
diagnosis,evenon theoriginal image. Of course,this mayhappenamongthemembersof the independentpanelas
well, but in thatcasean imagecanberemovedfrom thetrial or additionalexpertscalleduponto assist.Eithercase
mayentailtheintroductionof concernsasto generalizabilityof subsequentresults.

In the CT study, in an effort to achieve consensusfor thosecaseswherethe initial CT readingsdisagreedin the
numberor locationof abnormalities,thejudgeswereaskedseparatelyto review their readingsof thatoriginal. If this
did notproduceagreement,thejudgesdiscussedtheimagetogether. Six imagesin eachCTstudycouldnotbeassigned
a consensusgold standarddueto irreconcilabledisagreement.This wasa fundamentaldrawbackof the consensus
gold standard,andour subsequentstudiesdid not usethis method. Although thoseimageseliminatedwereclearly
morecontroversialanddif�cult to diagnosethantheothers,it cannotbe saidwhetherthe removal of diagnostically
controversialimagesfrom the studybiasesthe resultsin favor of compressionor againstit. Their failure to have a
consensusgold standardde�ned wasbasedonly on theuncompressedversions,andit cannotbesaida priori thatthe
compressionalgorithmwould havea hardertime compressingsuchimages.Theconsensus,whenachieved,couldbe
attainedeitherby initial concordanceamongthereadingsof thethreeradiologists,or by subsequentdiscussionof the
readings,duringwhichoneor morejudgemight changehisor herdecision.Theconsensuswasclearlymorelikely to
beattainedfor thoseoriginal imageswherethejudgeswerein perfectagreementinitially andthuswheretheoriginal
imageswouldhaveperfectdiagnosticaccuracy relativeto thatgoldstandard.Therefore,thisgoldstandardhasaslight
biasfavoring theoriginals,which is thoughtto helpmake thestudysafelyconservative,andnot undulypromotional
of speci�c compressiontechniques.

The personalgold standardis even more strongly biasedagainstcompression.It de�nes a judge's readingon
anoriginal imageto beperfect,andusesthat readingasthebasisof comparisonfor thecompressedversionsof that
image.If thereis any componentof randomerrorin themeasurementprocess,sincethepersonalgoldstandardde�nes
thediagnoseson the originalsto be correct(for that imageandthat judge),thecompressedimagescannotpossibly
performaswell astheoriginalsaccordingto this standard.That thereis a substantialcomponentof randomerror in
thesestudiesis suggestedby the fact that therewereseveral imagesduring our CT testson which judgeschanged
their diagnosesbackandforth, marking,for example,1 lesionon theoriginal imageaswell ason compressedlevels
E andB, andmarking2 lesionson the in-betweencompressedlevelsF, D, andA. With a consensusgold standard,
suchchangestendto balanceout. With a personalgold standard,theoriginal is alwaysright, andthechangescount
againstcompression.Becausethe compressedlevels have this severe disadvantage,the personalgold standardis
usefulprimarily for comparingthe compressedlevels amongthemselves. Comparisonsof the original imageswith
the compressedonesareconservative. 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 achieve consensus.Oneargumentfor thepersonalstandardis that in someclinical settingsa fundamental
questionis how thereportsof a radiologistwhoseinformationis gatheredfrom compressedimagescompareto what
they wouldhavebeenontheoriginals,theassumptionbeingthatsystematicbiasesof aradiologistarewell recognized
andcorrectedfor by thereferringphysicianswho regularly sendcasesto thatradiologist.Thepersonalgold standard
thusconcentratesonconsistency of individual judges.

The independentgold standardis what many studiesuse,andwould seemto be a goodchoice. However, it is
not without drawbacks. First of all, thereis the dangerof a systematicbiasappearingin the diagnosesof a judge
in comparisonto thegold standard.For example,a judgewho consistentlychoosesto diagnosetiny equivocaldots
asabnormalitieswhenthemembersof the independentpanelchooseto ignoresuchoccurrenceswould have a high
falsepositiveraterelativeto thatindependentgoldstandard.Thecomputerprocessingmayhavesomeactualeffecton
this judge's diagnoses,but this effect might beswampedin comparisonto this baselinehigh falsepositive rate. This
is an argumentfor usingthe personalgold standardaswell asthe independentgold standard.The otherdrawback
of an independentgold standardis somewhatmoresubtle,andis discussedlater. In theMR study, the independent
panelwascomposedof two seniorradiologistswho�rst measuredthebloodvesselsseparatelyandthendiscussedand
remeasuredin thosecaseswheretherewasinitial disagreement.

A separatestandardwouldseemto bethebestchoice,but it is generallynotavailable.With phantomstudies,there
is of coursea“diagnostictruth” thatis establishedandknownentirelyseparatelyfrom thediagnosticprocess.But with
actualclinical images,thereis oftennoautopsyor biopsy, asthepatientmaybealiveandnotoperatedupon.Thereare
unlikely to beany imagesfrom otherimagingmodalitiesthatcanaddto theinformationavailablefrom themodality
undertest,sincethereis typically onebestway for imaginga givenpathologyin a givenpart of thebody. And the
imagedataset for the clinical studymay be very dif�cult to gatherif onewishesto restrict the imageset to those
patientsfor whomtherearefollow-up proceduresor imagingstudieswhich canbeusedto establisha gold standard.
In any case,limiting theimagesto thosepatientswhohavesubsequentstudiesdonewould introduceobviousbiasinto
thestudy.

In summary, the consensusmethodof achieving a gold standardhasa major drawbacktogetherwith the minor
advantageof easeof availability. The other threemethodsfor achieving a gold standardall have both signi�cant
advantagesanddisadvantages,andperhapsthebestsolutionis to analyzethedataagainstmorethanonede�nition of
diagnostictruth.

8 Concluding Remarks

Wehavesurveyedseveralkey componentsrequiredfor evaluatingthequalityof compressedimages:thecompression
itself; threedatasetsto be consideredin depthin subsequentchapters;quantitative measuresof quality involving
measuresof pixel intensity distortion, observer judgedsubjective distortion, and diagnosticaccuracy; and, lastly,
several notionsof “gold standard”with respectto which quality canbe compared.In the next chaptertheseideas
provideacontext andacollectionof toolsfor adetailedanalysisof threespeci�c medicalimagemodalitiesandtasks.
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