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ABSTRACT 

 
We developed a neural network to predict coronary artery 
disease (CAD) from planar images in nuclear medicine. 
The proposed method can aid to diagnose coronary artery 
disease in 99Tc-sestamibi myocardial imaging. 
Classification of myocardium from its background was 
done by fuzzy clustering using Picard iteration algorithm. 
A back-propagation artificial neural network (ANN) 
classifier was trained and tested with leave-one-out 
method. The patient population included 58 subjects (30 
male, 28 female). Scintigraphy images were obtained in 
stress and rest phases and after perfusion study, patients 
also had angiography. Our gold standard was the results of 
coronary angiograms in acute phase. The performance of 
the optimal ANN was analyzed by receiver operating 
characteristic (ROC) methodology. The result of ANN, 
compared with the nuclear medicine ward and two 
physicians using the ROC method, shows that the 
proposed method outperforms visual diagnosis and is 
useful for CAD diagnosis from planar images in nuclear 
medicine. 

 
 

1. INTRODUCTION 
 
Visual interpretation of images in nuclear medicine, even 
by experienced observers, is subject to substantial 
variability [1]. The mTc99 -sestamibi myocardial SPECT 
imaging has been reported to offer major improvements 
over planar imaging in the diagnosis of coronary artery 
disease [2]. Even with this technique, many problems have 
been indicated. In addition, the number of experienced 
radiologists in this field is limited. The development of a 
computer-aided diagnostic system or expert system is 
considered helpful for diagnosis of coronary artery disease 
(CAD) in nuclear medicine [3]. An expert system 
(PERFEX) developed for the computer-assisted 
interpretation of myocardial perfusion SPECT studies is 
now available. However, a systematic validation of the 

diagnostic performance of this expert system for the 
interpretation of myocardial perfusion SPECT studies has 
not been reported [4]. PERFEX uses the certainty of the 
location, size, shape and reversibility of the perfusion 
defects based on polar maps and angiography to infer the 
certainty of the presence and location of CAD [4]. 
     The purpose of this study is to develop a computerized 
system using fuzzy clustering and neural networks, which 
can aid physicians and radiologists in the diagnosis of 
coronary artery disease and interpretation of planar images 
for CAD. We have segmented the myocardium from its 
background using fuzzy clustering with a Picard iteration 
algorithm. Then we applied a neural network for CAD 
diagnosis. The performance of network was compared to 
interpretation of two expert physicians and nuclear 
medicine ward, using coronary angiography as gold 
standard [5]. 
 

2. MATERIAL AND METHODS 
 
2.1. Data Collection 
 
The total study population consisted of 58 patients (30 
male, 28 female). Patients, who had undergone both rest-
stress myocardial perfusion planar scan and coronary 
angiography were studied retrospectively. The interval 
between perfusion study and angiography was below the 3 
months (acute time). As shown in Table I and according to 
the results of patients angiograms, there were thirty-three 
abnormal and twenty-five normal subjects. The 
scintigraphy image data were acquired in planar method 
for three projections (Anterior, Left Anterior Oblique -45 
and Left Lateral) with a mm400  gamma camera circular 
crystal, using a low-energy, general-purpose collimator 
(FWHM 8.4mm at 15cm) and a zoom factor 1.46 (pixel size 
5.45 mm). The size of each image was 6464 × .  For each 
patient, the images were acquired in two phases (rest and 
stress). Operator used a lead tray to omit the effect of liver 
superposition. Rest and stress studies were performed in a 



 

 

2-day mTc99 - Sestamibi Bruce protocol, using 740 MBq at 
stress and, after 24 hr, 740 MBq at rest. 
 
2.2. Image Segmentation 
 
The noise of myocardium background, was suppressed by 
segmenting of myocardium form its background. In this 
study, images were segmented by fuzzy clustering using 
Picard iteration algorithm [6]. Each projection was 
segmented in three stages and in each stage, Picard 
iteration algorithm was used for Bi-Modal fuzzy 
clustering. At first, initialization of membership values 
was random, but in the subsequent stages, the 
memberships were filled by previous values in order to 
expedite the convergence. Euclidian distance was used as 
the distance metric in Picard iteration algorithm and the 
normalized count in each projection was used for 
histogram generation.  
 
2.3. Feature Extraction 
 
The location of vessels in myocardium varies from patient 
to patient. Regarding to the nature of cardiac planar 
images and the number of projections obtained, the 
myocardium was partitioned into four regions. As shown 
in Fig. 1, the center of activities (ox,oy) was calculated for 
each segmented projection using the following Eq. (1) and 
Eq. (2). 
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Circumferential profiles around the center of activity were 
calculated for each projection. For all projections, the size 
of radii was fixed to epicardial variation detection. As 
shown in Fig. 1, direction of sampling was clockwise and 
the angle interval of each region was 90 degrees. The 
centers of polar transform for three projections have been 
shown in Fig. 1. The six transformed projections (three 
stress and three rest) are shown in Fig. 2. Two feature 
vectors were extracted from stress and rest phases of each 
patient. As shown in Fig. 2, each phase consists of twelve 
regions and therefore, feature vectors dimension is twelve. 
According to Eq. (3) and Eq. (4), we consider the mean 
and variance row vectors as our feature vectors. As shown 
in Eq. (3), ].....,,[ 12321

ppppp µµµµµ =� denotes the mean vector 
obtained from phase p (stress or rest). The ),( jiHp

�  points 
out to the amount of count in position (i,j) in polar image 
for phase p. The

pA
� , was obtained by Eq. (5) in which 

),( jiI p

� was defined by Eq. (6). The CAD was detected by 
variation of activities between rest and stress phases for all  
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three projections. For this reason, we introduced the 
following feature vectors. 
 
   Stressst µµµ ��� −=∆ Re                                                      (7) 

   Stressst Σ−Σ=Σ∆
���

Re                                                      (8) 
 
Each feature vector ( µ�∆ or Σ∆

� ) consists of twelve 
elements. For all patients, these feature vectors were 
extracted from projections and the best features were 
selected using the maximization of feature distances in 
feature space. The result of maximization showed that the 
optimal feature vector was the difference vector between 
the mean vectors obtained at stress and rest, i.e., 

].....,,[ 12321
ppppp µµµµµ =� . 

 
2.4. Artificial Neural Network 

 
 We used a feed-forward back-propagation ANN for 
feature classification in the selected feature space 
(differences of means). We applied a leave-one-out 
method for training, testing and ANN classifier 
optimization.  In the present study, all images of the same 
patient were left out as test samples in each training cycle 
and the images from the other (N-1) patients were used for 
training. The results of all test images from the N training 
cycles were accumulated to form a test score distribution 
or correct classification fraction (CCF). This fraction is 
computed as the ratio of successful classification by the 
ANN to the total number of samples. The number of 
hidden layer nodes may affect the performance of the 
ANN classifier [7]. The performance of ANN with respect 
to the number of hidden layer nodes was examined by 
considering the ANN responses at the preset ANN training 
termination error level (error = 0.32). Finally, The 
performance of the optimal ANN classifier was evaluated 
by ROC methodology. The output value of the ANN was 
used as the decision variable in the ROC analysis. An 
ROC curve, which is the relationship between the true-
positive fraction (TPF) and false-positive fraction (FPF), 
is generated by setting different decision thresholds on the 
output values of the ANN at preset training termination 
error level (error = 0.32). The performance of the optimal 



 

 

ANN was determined by Az test, which is the area under 
the ROC curve. 
 

3. EXPERIMENTAL RESULTS 
 
Fig. 3 shows the typical variation of the total sum square 
error for ANN as the number of epoches is increased. In 
this example, data are presented for the ANN with 13:5:1 
architecture (optimal). A typical cumulative score for 
correct classification fraction (CCF) shown in Fig. 4, 
indicates that the CCF increases as the number of epoches 
is increased. The training and optimization were repeated 
for the ANN with different nodes in the hidden layer. In 
each case, the final CCF at the termination error level 
(error level = 0.32) was determined [7]. The ANN 
structure with maximum CCF value was considered as the 
optimal network. As shown in Fig. 5, the optimal number 
of nodes in the hidden layer was five (CCF value = 0.74). 
Then the ROC curve was generated for this optimal 
architecture (13:5:1) has shown in Fig. 6. The results 
obtained from two physicians and the nuclear medicine 
ward at shariati hospital, Tehran, Iran are also shown in 
Fig. 6. The overall performance of the optimal ANN 
(13:5:1, error = 0.32) was determined as the integral under 
the ROC curve, which was 0.80. Amounts of positive 
predictive value  (PPV) and negative predictive value 
(NPV) at the prevalence of 0.54 were also estimated for 
the population. In addition, NPV and PPV for an optimal 
threshold, which is found as the intersection of the ROC 
curve with the line of Sensitivity = Specificity were 
computed. Table II compares the values of PPV and NPV 
for the two physicians, the nuclear medicine ward, and the 
ANN.  This Table clearly illustrates superiority of the 
ANN compared to the visual inspection of the results by 
the physicians.  
 

4. DISCUSSION 
 
Our attempt to apply neural network for CAD detection in 
nuclear medicine has been quite successful in acute phase 
of myocardial infarction. The ANN proved to be capable 
of extracting essential characteristics from noisy images 
and learning from angiograms. The recognition 
performance of the optimal ANN is superior to that of the 
experienced physicians (see Fig. 6 and Table II). As 
shown in Table II, the ANN detects CAD in myocardial 
planar images more accurately than the expert physicians 
and nuclear medicine ward. 
     Determining the amount and location of coronary 
artery stenosis, clearly needs more clinical and technical 
information. Limited accuracy of coronary angiography 
and myocardial SPECT for predicting the site of 
subsequent acute MI (myocardium infarction) are reported 
by some researchers [8]. Correlation between the location 
of a SPECT defect, the most severe coronary stenosis, and 

the location of a subsequent AMI (acute myocardium 
infarction) and concordance between SPECT and 
coronary angiography to identify the most severe defects 
are investigated by other researchers [9]. However, 
considering the results presented in the literature, it can be 
concluded that prediction of disease (CAD) versus no-
disease (no-CAD) from the perfusion study is more 
reliable than prediction of CAD location, site and amount 
of stenosis. Therefore, our task was prediction of CAD in 
acute time for mild, moderate, and severe cases from 
planar perfusion images. 
    The SPECT images are constructed from series of 
planar images with major properties of LV-orientation and 
liver superposition. It is impossible to omit the effect of 
liver superposition from the SPECT images during the 
data acquisition and the LV-orientation may vary from 
patient to patient. The proposed method relies on the 
operator for detecting the LV orientation and omitting the 
liver superposition in six spot views. This method may be 
applied to SPECT images using three spot views (ANT, 
LAO45, Lt. LAT) from series of images in each phase and 
liver patterns may be separated from each spot by manual 
or semi-automated methods. The six spot views should be 
selected based on LV-orientation using manual or semi-
automated methods. Sets of the six views in the rest and 
stress can be used as the input of the proposed method for 
pre-diagnosis of CAD. 
     Accurate determination of the location and amount of 
the disease using the techniques developed in this paper 
may be considered as a direction for future work. Another 
direction can be finding of the optimal set of myocardium 
segments, which are more sensitive compared to the other 
sets for detection of CAD. This optimization can be done 
for offset location and number of myocardium segments. 

 
TABLE I 

Patient population and diagnosis of physicians 
 ward (Positive or Negative) regarding their angiograms. 

 
TABLE II 

Positive prediction values and negative prediction values 
for nuclear medicine ward, expert #1 and #2 at prevalence 

of 0.568 corresponding specificities and sensitivities. 

                 TP     TN       FP      FN 
Male       10       6         8       6 
Female        12       4          7         5 
Total       22      10        15      11 

 SPC SEN PPV NPV 
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 52% 84% 
EXPERT#2  0.32 0.60 54% 53% 
ANN-EXPERT#2  0.32 0.95 65% 83% 
ANN-OPTIMUM  0.73 0.72 80% 68% 



 

 

Figure 1. Four regions with respect to their center of activity 
after fuzzy clustering segmentation. 

 

  
Figure2. Six projections after polar map transformation. 

 

Figure 3. Total Sum Square Error Versus Epoches (13:5:1). 
 

 
Figure 4. Correct Classification Fraction Versus Epoches for 

Optimal ANN (13:5:1) 
 

Figure 5. Hidden Layer Node Optimization Using Final Correct 
Classification Value. 

Figure 6. Receiver Operator Characteristic curve for the optimal 
ANN, with points representing the physician’s performance. 

  Nuclear Medicine Ward: TPF: 0.66, FPF: 0.60 
  Expert (Physicien) No.1: TPF: 0.75, FPF: 0.80 
  Expert (Physicien) No.2: TPF: 0.60, FPF: 0.68 
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