∗

†

∗

†

201 Abstract

1 Intr oduction

Neural Computation crr@cogsci.psych.utah.edu

Charles Rosenberg, Ph.D. Jacob Erel, M.D.

Henri Atlan, M.D., PhD.

June, 1992

A Neural Network that Learns to Interpret Myocardial Planar Thallium Scintigrams

This paper is to appear in .

Supported by grants from the Ministry of Science and Technology, Israel and from the Golda Meir Fund. Current address: GRECC 182, VA Medical Center, 500 Foothill Blvd., Salt Lake City, Utah 84148

Department of Computer Science Hebrew University Jerusalem, Israel

Department of Cardiology Sapir Medical Center - Meir General Hospital Kfar Saba, Israel

Department of Biophysics and Nuclear Medicine Hadassah Medical Center Jerusalem, Israel

Coronary artery disease (CAD) is one of the leading causes of death in the Western World. The planar thallium-201 is considered to be a reliable diagnostic tool in the detection of CAD. Thallium is a radioactive isotope that distributes in mammalian tissues after intervenous administration and is imaged by a gamma camera. The resulting scintigram is visually interpreted by the physician for the presence or absence of defects — areas with relatively lower perfusion levels. In myocardial applications, thallium is used to measure myocardial ischemia and to differentiate between viable and non-viable (infarcted) heart muscle [16].

Diagnosis of CAD is based on the comparison of two sets of images, one set acquired immediately after a standard effort test (BRUCE protocol), and the second following a delay period of four hours. During this delay, the thallium redistributes in the heart muscle and spontaneously decays. Defects caused by scar tissue are relatively unchanged

1

The planar thallium-201 ( Tl) myocardial perfusion scintigram is a widely used diagnostic technique for detecting and estimating the risk of coronary artery disease. Interpretation is currently based on visual scoring of myocardial defects combined with image quantitation and is known to have a significant subjective component.

Neural networks learned to interpret thallium scintigrams as determined by both individual and multiple (consensus) expert ratings. Four different types of networks were explored: single-layer, two-layer back-propagation (BP), BP with weight smoothing, and two-layer radial basis function (RBF). The RBF network was found to yield the best performance (94.8% generalization by region) and compares favorably with human experts.

We conclude that this network is a valuable clinical tool that can be used as a reference “diagnostic support system” to help reduce inter- and intra-observer variability. This system is now being further developed to include other variables that are expected to improve the final clinical diagnosis.

� 1 2 3

•

•

•

1 2

3

2 Data

2.1 Methods

Interpreting Planar Thallium Scintigrams

Insufficient exercise.

Positional abnormaliti es.

Increased lung uptake.

Septal: proximal distal Anterior: proximal distal Apex Inferior: proximal distal Posterior-Lateral: proximal distal normal severe

Also sometimes referred to as LAO 70 or the “steep LAO” view.

Pre-processing involved positioning of the region of interest (ROI), interpolative background subtraction, smoothing and rotational alignment to the heart’s apex [8].

The profiles were generated using the Elscint CTL software package for planar quantitative thallium-201 based on the Cedars-Sinai technique [9, 13, 1].

2 over the delay period (fixed defect), while those caused by ischemia are partially or completely filled-in (reversible defect) [2].

Image interpretation is difficult for a number of reasons: the inherent variability in biological systems which makes each case essentially unique, the vast amount of irrelevant and noisy information in an image, and the “contextdependency” of the interpretation on data from many other tests and clinical history. Interpretation can also be significantly affected by attentional shifts, perceptual abilities, and mental state [10, 6].

Neural networks have been applied to several problems in cardiology including the prediction of stenosis [17, 5, 4, 12]. These studies encouraged us to explore the problem of visual interpretation using neural networks which, to our knowledge, has not been previously addressed.

Scintigraphic images were acquired for each of three views: anterior (ANT), left lateral oblique (LAO 45), and left lateral (LAT) for each patient case. Each image was first pre-processed and presented to the networks as circumferential profiles [9, 7] , in which maximum pixel counts within each of 60, 6 contiguous segmental regions are plotted as a function of angle [8] (see Figure 1 A).

Cases were pre-selected based on the following criteria [2]:

Cases in which the heart rate was less than 130 b.p.m. were eliminated, as this level of stress is generally deemed insufficient to accurately distinguish normal from abnormal conditions.

In a few cases, the “region of interest” was not positioned or aligned correctly by the technician.

Typically in cases of multi-vessel disease, a significant proportion of the perfusion occurs in the lungs as well as in the heart, making it more difficult to determine the condition of the heart due to the partially overlapping positions of the heart and lungs.

Twenty percent of the cases were eliminated due to insufficient heart rate, and an additional 5 percent due to either positional abnormalities or increased lung uptake. A set of one hundred usable cases resulted.

Each case was visual scored for each of nine anatomical regions generally accepted as those that best relate to the coronary circulation: and , and , , and , and and . Scoring for each region was from (1) to (4), indicating the level of the observed perfusion deficit.

Approximately 80% of the cases were visually interpreted by a single expert alone. Ten percent were read by all three experts, and 10% by two experts, with agreement in the scoring reached by consensus.

Four different types of networks were explored: a one-layer (sigmoidal) network trained using the delta rule, a two-layer network trained using back-propagation (BP), a two-layer network trained using BP combined with weight smoothing (to be described), and a two-layer network combining one layer of competitive radial-basis function (RBF) units and a second layer of (sigmoidal) units trained using the delta rule.

The general two-layer network architecture is depicted in Figure 1 B. All networks consisted of 180 input units and 9 output units. The input units were divided into three groups. Each group of sixty units encoded the circumferential profile for each view. A relative coding scheme was used in which the sixty ordered segments constituting each view were divided by the segment with the highest scintigraphic count. Each input pattern was then normalized to unit vector

∑

�

4 5

Δ Δ

Δ

1 +1

2

4

5

− −

−

−

−

‖ ‖

−

‖ ‖

‖ ‖

−

leaky learning model

Interpreting Planar Thallium Scintigrams

normal milddefect moderate defect severe defect

C w w w w

j j j

C w

w w w � C

� :

O

net w v

v

O exp net

!

j i v v

!

O

w � v

v w

� � ij ij i,j ij i,j

ij ij

ij ij ij ij

j

j

i ij i

j j

max

i,w inner i

i,w inner

2.1.1 Weight smoothing

2.1.2 Radial Basis Function Networks

2.1.3 Training

Referred to as the in [18] The scaling factor was given as additional input to the output units in the other networks as well to ensure that the that the comparisons among them were fair.

3 length. Target numerical values were assigned to the categorical visual scores to make the data suitable for network learning: = 0.0, = 0.3, = 0.7, and = 1.0.

Weight smoothing “penalized” adjacent fan-in weights to the hidden units in proportion to their difference:

= ( ) + ( ) (1)

where 1 and +1 are the left and the right “neighbors”of . This rule is a special case of one proposed elsewhere [11]. The value of was subtracted from on each weight update:

= + (2)

In the present experiments, the smoothing parameter , was set to 0 01.

RBF networks [14, 15, 3] typically consist of two layers of units: one layer of radial units, typically gaussian, and a second layer of semi-linear units. In our experiments, the activation value of a gaussian unit, , is given by:

= ( ) (3)

= ( ) (4)

where is an index to a gaussian unit, is an input unit index, and is the length of the current input vector (for a single view). The width of the gaussian, given by , was fixed at 0.25 for all units.

The gaussian units were trained using a competitive learning scheme that moves the center of the unit closest to the current input pattern ( , i.e. the “winner”) closer to the input pattern:

= ( ) (5)

In addition, the other units were also pulled towards the input pattern, although to a much smaller extent . We used a ratio of 1 in 100.

The second layer was trained using the delta-rule [20]. Input to the second layer consisted of the activations of the entire set of nine gaussian units plus an additional unit per view to encode the scaling factor of the input patterns lost as a result of input vector normalization. This additional unit was clamped to the minimum value of the input pattern for that view .

In our experiments, the competitive and the supervised layers were trained sequentially: first competitive then supervised.

Because of the limited number of cases available, we employed the “leave-one-out”or “jack-knife”method of training. We trained 100 separate networks; each network was trained on a subset of 99 of the 100 cases and tested on the remaining one. This procedure enabled us to determine the generalization performance for each case.

Each of the 100 networks was initialized in the normal way; Weights were initialized to small random values between 0.5 and -0.5 and trained with learning rate ( ) = 0.05 and momentum ( ) = 0.9.

Degrees

40 60 80 100 120 140 160

Pixel Counts

Stress

Delayed

0 360

VIEWS

SPT-P

SPT-D

ANT-P

ANT-D APX

INF-P

INF-D

PLT-P

PLT-D

ANT LAO 45 LAT 70

Regional Scores

Severe

Moderate

Mild

Normal

A. B. A)B)Interpreting

Planar

Thallium

Scintigrams

4Figure

1:Circumferential profiles forstress

(top) anddelayed

(bottom) distribut ionsfortheleftlateral view

(LAT).Therelatively lower levels ofperfusion inthecenter ofbothgraphs isevidence ofamild-to-moderate defect intheapical region.

Thedefect remains afterthedelay period

(bottom curve), suggesting thatthedefect is“fixed” andlikely duetothepresence ofscartissue.

Thegeneral two-layer network architecture.

Seetextforexplanation.

.011

.012

.013

.014

.015

.016

.017

.018

.019 .02

0 2 4 6 8 10 12 14 16 18 20 22

Hidden Units

Mean Squared Error

RBFs

LMS smoothed BP

BP Comparison of 4 Network Types

±6767� �2.2Results

Interpreting

Although wewillnotpursue thishere, theoptimal number ofhidden units forthesmoothing networks seemed tointeract somewhat withsmoothing level

.Withlargervalues of,largernumbers were found tobeoptimal. Thethreshold forthesingle-layered wasfound tobe0.78.5Figure

2:Average mean squared error

(MSE) ofthefournetwork types asafunction ofthenumber units.

Training wasterminated based oncross-validation testing ontheremaining case.

Anoptimal oftraining wasobserved forallnetwork types.

Thiswasfound tobearound

40epochs fortheback-propagation andback-propagation networks,

100epochs forthedelta rulenetworks, and300epochs fortheRBF

(supervised training portion

).Further always ledtoover-training andpoorer generalization. TheRBF competitive layer wastrained for20epochs atalearning rate()of0.1,andthenfor80epochs at0.01.

Momentum

()wasnotusedforcompetitive learning.

Performance wasexamined

(orRBF)

(Figure

2).Forallnetworks, aoptimal ofunits wasfound.

FortheRBF andtheBPnetworks, three hidden perinput group wasoptimal.

FortheBPwithsmoothing 5wasoptimal

.Inorder tocompare theperformance more directly tothetargetconsensus scores, wefound decision thresholds which bestseparated normal andmilddefects from moderate andsevere, asmeasured bypercent agreement withtheconsensus scores.

Inallcases

(except network), thisdecision threshold value turned outtobe0.50(0.01) .Based onthese thresholds, theperformances ofthenetworks inseparating andsevere defects computed

4).Thebestperformance wasattained bytheRBF network.

Thisnetwork agreed withthetargetconsensus scores on94.8%

(853/900) oftheregions, sensitivity

57.0%

(47/82) andspecificity 98.5%

(806/818)

.0.00.10.20.30.40.50.60.70.80.91.0 Specificity

Sensitivity

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

90 91 92 93 94 95 96 97 98

Percent Agreement

BP smoothing

Performance of 4 Network Types

RBF BP Single-layer

94.8% (853)

94.0% (846) 94.0% (846)

93.1% (838) *

pInterpreting

6Figure

3:ROC curve

(Sensitivity vs.Specificity) with3hidden

Figure

4:Percent

(byregion) ofthebestnetwork ofeachtype.

There 9regions foreachof100cases or900regions intotal.

The‘*’indicates astatistically significant difference, onMSE, atthe05level.

8r28or• p� ppSee[19]forarelated

idea.3Conclusions

andFutur eDirectio nsInterpreting

2.2.1

Comparison withanIndividual

Expert

Standardize visual scores.Elicit

confidence ratings.

Provide additional information.

Addconstraints.

Expand application.

7Differences

among thenetworks tested using thenon-parametric

Friedman testwithfurther evaluation thetwo-tailed

Wilcoxon signed-rank testforsignificance

(05).Analysis wasbased onmean differences between outputs andtargets(control). Network typewasasignificant factor

(=1244=3025).

Thesingle-layer wassig-nificantly inferior toalltheother

(001).

However nosignificant theRBF ,BPandBPwithsmoothing networks.

TheBPwithsmoothing wasmore accurate thantheBPnetwork, although thisdifference wasnotsignificant

(01).Arandomly

selected setoffifty-two cases re-interpreted byoneoftheparticipating physicians.

Scoring wasperformed without regard totheoriginal

Nine ofthecases previously rated bythisphysician, either individu allyorconsensus. Innormal ormildversus orsevere discrimination, thisphysician’ on97.6%

(457/468) oftheregions

(sens:

89.5%

(34/38), spec:

98.4%

(423/430)).

Onthesame setofcases, network’ on95.9%

(449/468)

63.2%

(24/38), 98.8%

(425/430)

),andagreed withthephysician’ for94.9%

(444/468)

56.1%

(23/41), 98.6%

(421/427)

).These notfound tobesignificant inapaired signtest.Anetwork

withonehidden ofRBF wascompared withnetworks trained withback-propagation, backpropagation withweight smoothing, andsingle-layer withthedelta-rule.

Thebestperformance (94.8% generalization) byanRBF perview

(nine intotal).

Thislevel ofperformance didnotdiffersignificantly thatofanexpert.

ofthesingle-layer delta rulenetwork wassignificantly poorer thanthatoftheother

TheBPwithweight smoothing yielded amoderate, though notstatistically significant, improvement overstandard

BP.Improvements andextensions include:

Thedatacurrently ismixture ofsingle expert andconsensus

Given thelikelihoo dofindividual ininterpretatio n[10,6],improved performance should beattained ifsingle standardized dataareused.

interpretations could beaugmented bydegree ofconfidence Highly ambiguous bereduced inimportance oreliminated.

Theratings alsobeusedasad-ditional targetsforthenetwork

:cases indicated bythenetwork withlowlevels would require closer inspection byaphysician.

Wehave notyetincorporated thedelayed distributi onprofiles, clinical history

,gender ,andexamination

EKG.

Theinclusion ofthese variables allow thenetwork toapproximate closely acomplete diagnosis, andboost theutility ofthenetwork intheclinical setting.

Currently wedonotutilize theangles thatrelate thethree views.

Itmaybepossible tobuild these angles inasconstraints andthereby cutdown onthenumber offreenetwork parameters.

Besides planar thallium, ourapproach mayalsobeapplied tonon-planar

3-Dimaging technologies andother nuclear agents orstress-inducing modalities.

Preliminary results arepromising inthisregard.

Acknowledgements

Refer encesInterpreting

today

Digital

Imaging

CardiacImaging

Complex

Systems

Proceedings ofthe37thAnnual

Meeting oftheSociety ofNuclear

Medicine

Computers inCardiology

Confer enceJournal

Circulation

Journal

8Webelieve

thatourstudy isthefirsttosuccessfully apply neural totheprediction ofthehuman expert’ svisual interpretation ofmyocardial scintigraphy

.Ournetwork canbeusedasastandard reference tooltohelpthephysician reduce response biasandother ofscoring variability andmay,withtheimprovements suggested, eventually equal orsurpass theinterpretive abilities ofthephysician.

Theauthors wish tothank

Prof.

Benny

Shanon formuch kindassistance andsupport throughout thisresearch project, Mr.Haim

Kargerfortechnical assistance, andtheDepartments ofComputer

Science andPsychology attheHebrew University forcomputational support.

Wewould alsoliketothank

Drs.David

Shechter

,Moshe

Bocher

,Roland

Chisin andthestaffoftheDepartment ofMedical

Biophysics andNuclear fortheirhelp, bothlargeandsmall.

Thispaper hasalsobenefitted thecomments oftwoanonymous reviewers.

TerrySejnowski suggested ourusage

[1]J.Areeda,

K.VanTrain,E.V.Garcia,

J.Maddahi,

A.Rosanki,

A.Waxman, andD.Berman.

Improved analysis ofsegmental thallium-201 myocardial scintigrams:

Quantitation ofdistributi on,washout, andredistributi on.InP.D.Esser ,editor

,.Society

Medicine, New York,1982.

[2]G.A.Beller

.Myocardial perfusion imaging withthallium-201.

InM.L.Marcus,

H.R.Schelbert,

D.J.Skorton, andG.L.Wolf,editors,

.W.B.Sanders,

1991.

[3]D.S.Broomhead andD.Lowe.

Multivariabl efunctional interpolation andadaptive

,2:321–355 ,1988.

[4]D.Cianflone,

O.Carandente,

G.Fragasso,

A.Margononato,

C.Meloni,

E.Rossetti,

P.Gerundini, andS.L.Chiechia. Aneural model ofpredicting theprobabilit yofcoronary lesion perfusionspect data.

In,page

797,May1990.

[5]K.J.Cios,

L.S.Goodenday

,M.Merhi, andR.Langenderfer

.Neural indetection ofcoronary artery disease.

In,September

1989.

[6]A.Cuar ón,A.Acero,

M.Ćardena,

D.Huerta,

A.Rodr íguez, andR.deGaray

.Interobserver intheinterpretation images withtc-99m-labeled diphosponate andpyrophosphate. ,21(1):1–9,

1980.

[7]D.A.Francisco,

S.M.Collins, andR.T.Goetal.Tomographic scintigrams aftermaximal coronary vasodiliatio nwithintravenous dipyridamole:

ofqualitative andquantitative approaches.

,66(2),

1982.

[8]E.V.Garcia.

Physics andinstrumentation ofradionuclide imaging.

[9]E.V.Garcia,

D.S.Berman, andA.Waxman.

Space-time quantitatio nofthallium-20

1myocardial .,22:309–317,

1981.

[10]E.A.Franken

Jr.andK.S.Berbaum.

Perceptual aspects ofcardiac

Advances inNeural

Information

Processing

2Advances

Informatio nProcessing

2Circulation

Neural

Computati onScience

England ofMedicine

Parallel

Distribut edProcessing

1960

IREWESCON

Convention

Recor d9[11]K.J.Lang andG.E.Hinton.

Dimensionality reduction andprior knowledge ine-setrecognition.

InDavid

S.Touretzky ,pages

178–185,

SanMateo,

1990.

MorganKaufmann.

[12]S.C.Lee.Using atranslation-invari antneural todiagnose heart arrhythmia. 240–247,

[13]J.Maddahi,

E.V.Garcia,

H.J.C.Swan, andJ.Forrester

.Improved noninvasive as-sessment disease byquantitative ofregional stress ionandwashout ofthallium-201

.,64:924–935,

[14]J.Moody andC.Darken.

Fastlearning innetworks oflocally-tuned processing

,1:281–294 ,1989.

[15]T.Poggio andF.Girosi.

Regularization algorithms forlearning thatareequivalent tomultilayer

,247:978–9 82,1990.

[16]G.M.Pohost andM.J.Henzlova.

Thevalue

,323(3):190 –192

,1990.

[17]G.Porenta,

S.Kundrat,

G.Dorf fner,P.Petta,

J.Duit, andH.Socher

.Computer image ofthallium-

201scintigrams:

Assessment theparallel distribu tedprocessing approach.

825,May1990.

[18]D.E.Rumelhart andD.Zipser

.Feature discovery bycompetitive

InD.E.Rumelhart andJ.L.Mc-Clelland, editors,

,volume

1,chapter

5,pages

151–193.

MITPress,

Cambridge, Mass.,

1986.

[19]G.Tesauro andT.J.Sejnowski.

Aparallel thatlearns toplaybackgammon.

Technical

Report

CCSR- 88-2, ofIllinois atUrbana-Champaign

Center forComplex

Research,

February

1988.

[20]B.Widrow andM.E.

Hoff.Adaptive switching circuits.

In,volume

4,pages 96–104.

IRE,New

York,1960.