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® Myocardial Perfusion Regarding Three Major Coronary Arteries; LAD-RCA-LCX
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# Patient Population and Diagnosis of Physicians Ward

(Positive Or Negative) Regarding Their Angiograms

True-Positive | True-Negative | False-Positive | False-Negative
Mae 10 6 8 6
Female |12 4 7 )
Total 22 10 15 11

Table 1



® Training Diagram for Neural Network
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Polar Transform Around The Center Of Mass




% Feature Extraction
/7p :[lé,léiﬂg- ,Uéz] denotes the mean vector obtained from phase p (stress or rest).

(W) points out to the amount of count in position (i,j) in polar image for phase p
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Figure 1. Total Sum Square Error Versus Epoches (13:5:1).
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Figure 2. Correct Classification Fraction Versus Epoches for Optimal ANN (13:5:1)



L T =
I I I I I I I I —
I I I I I I I I
1 1 1 1 1 1 1 1
“ “ “ “ “ “ “ “
e e . sk === === === === =
1 1 1 1 1 1 1 1
I I I I I I I I
1 1 1 1 1 1 1 1
I I I I I I I I
1 1 1 1 1 1 1 1
I I I I I I I I
e Al Hisi 1----- f=-=-q-=--- t=-=------ F-—--- - 0
1 1 1 1 1 1 1 1
I I I I I I I I
1 1 1 1 1 1 1 1
I I I I I I I I
“ i i “ i i i “
||||| P ——— e —— e e —— el
I I I I I I I I
1 1 1 1 1 1 1 1
I I I I I I I I
1 1 1 1 1 1 1 1 1
I I I I I I I I I
i i i i i i i i i
————— e f=m— = ———— e ———— = 0
1 1 1 1 1 1 1 1 1
I I I I I I I I I
1 1 1 1 1 1 1 1 1
I I I I I I I I
1 1 1 1 1 1 1 1
! | | ! | | | !
e Bt St === f====-—=-= To=—=q=—==- === — L}
1 1 1 1 1 1 1 1
I I I I I I I I
1 1 1 1 1 1 1 1
I I I I I I I I
1 1 1 1 1 1 1 1
] ] b ] I H
I ] I I I ] I I =t
1 1 1 1 1 1 1 1
I I I I I I I I
1 1 1 1 1 1 1 1
I I I I I I I I
1 1 1 1 1 1 1 1
- LA N S S S
I I I I I I I I A
1 1 1 1 1 1 1 1
I I I I I I I I
1 1 1 1 1 1 1 1
I I I I I I I I
1 1 1 1 1 1 1 1
..... NSNSV SV NENE ST S N NS NN
I I I I I I I I
1 1 1 1 1 1 1 1
I I I I I I I I
1 1 1 1 1 1 1 1
I I I I I I I I
Lol J Leeeod beeeod L
I 1 1 I 1 1 1 1 —
I I I I I I I I
1 1 1 1 1 1 1 1
I I I I I I I I
1 1 1 1 1 1 1 1
o R
| i i | i i i | -
— — — — = (- (- (] = O

anjes UONaESd UONEINISSE|D 134400 |eUl

FMumber Of Hidden Layver Modes

Figure 3. Hidden Layer Node Optimization Using Final Correct Classification Value.
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Sensitivity measures how frequently the test is positive in the population with disease

)
L

Specificity measures how frequently the test is negative in the population without the disease

® Prevalenceisthe pro-portion of the population with disease

TP

Sensitivity = P(T+| D+) = TPF =-
TP+FN

* The Disease is present: designated D+

* The Disease is absent: designated D- TN
Soecificity =P(T —|D - )=TNF =

* The Test is positive: designated T+ TN + FP
* The Test is negative: designated T-

TP+FN

Prevdence=P(D+)=——————
TP+FP+TN +FN



® Using the rules for inverting probability, we can compute the probability of disease
or non-disease under conditions of various test outcomes to determine the test’s
predictive value

+|D+ +
P(D+|T+) = Positive PredictiveVaue =—— = PO*IDHPOY)
TP+FP P(T+|D+)P(D+)+P(T+|D-)P(D-)

(Sengitivity)(Prevalence)
(Sengitivity)(Prevalence) + (1— Sengitivity)(1— Prevalence)

PPV (Positive Predictive Value) =

P(D—|T-) = NegativePredictiveValue = B :%
TN+FN P(T-|D-)P(D-)+P(T-|D+)P(D-)

(Specificity)(1— Prevalence)

N PV(Negatlve PredictiveVa Ue) —
(Specificity)(1- Prevalence) + (1 - Sensitivity)(Prevaence)




Positive Predictive Valuesand Negative Predictive Values for Nuclear
Medicine Ward, Expert #1, Expert #2 at Prevalence of 0.568 corresponding
Sensitivity and Specificities.

Ward 0.40 0.66 59% 60%
ANN-Ward 0.40 0.92 67% 80%
Expert #1 0.20 0.75 55% 70%
ANN-Expert #1 0.20 0.97 520 84%
Expert #2 0.32 0.6 54% 53%
ANN-Expert #2 0.32 0.95 65% 83%
ANN-Optimum 0.72 0.72 80% 68%

Table 2
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Summary and Conclusions

[E] Our attempt to apply neural network for CAD detection in nuclear medicine has
been quite successful in acute phase of myocardial infar ction.

] The proposed approach ismore appropriate than the optimal detection theory
because the complexity of anatomical structuresand noise for nuclear medicine
Images makes the estimation of probability density functions of the two classes of
Images extremely difficult.

[E] The ANN proved to be capable of extracting essential characteristics from noisy
Images and lear ning from angiogr ams.

Q] The recognition performance of the optimal ANN issuperior to that of the
experienced physicians (see Table 3).

[E] Asshown in Table 3, the ANN detects CAD in myocardial planar images more
accur ately than the expert physicians and nuclear medicine ward.

ANN-Ward 0.40 0.92
ANN-Expert #1 0.20 0.97
ANN-Expert #2 0.32 0.95
ANN-Optimum 0.72 0.72

Table3



® Future works.

This method may be applied to SPECT images using three spot views (ANT,
LAOA45, Lt. LAT) from series of images in each phase and liver patterns
may be separ ated from each spot by manual or semi-automated methods.

The six spot views should be selected based on L V-orientation using manual
or semi-automated methods. Sets of the six views in the rest and stress can
be used astheinput of the proposed method for pre-diagnosis of CAD.

The proposed method deals with the basic aspects for pre-diagnosis of
either CAD or no-CAD in nuclear medicine images and it can be adapted
for the analysis of SPECT images to create an ideal observer. By ideal
observer, we mean a neural-network-assisted system to help physicians
improve ther diagnosis.

Accur ate deter mination of the location and amount of the disease using the

techniques developed in this paper may be considered as a direction for
futurework.

Another direction can be finding of the optimal set of myocardium
segments, which are mor e sensitive compar ed to the other setsfor detection
of CAD. This optimization can be done for offset location and number of
myocar dium segments.



