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Scintigraphic patterns can be visually assessed with

reasonable accuracy. For example, radionuclide distri-

bution on a scintigraphic image can easily be visually

defined as heterogeneous. However, the quantitation of

heterogeneity on nuclear medicine images has remained

an important and complex issue. Region-of-interest

analysis that provides mean, maximum, minimum, and

standard deviation (SD) is the most popular means of

evaluating regional data, but these variables do not

reflect all image features, and minor abnormalities in

distribution cannot be precisely quantified using these

conventional variables. Consider a situation where

minor changes in heterogeneous distribution can be

visually identified on myocardial perfusion images of

patients with cardiomyopathy. For example, the average

of individual segments in a 17-segment model of polar

maps cannot so clearly identify an obvious visible

abnormality.

VARIABLES FROM HISTOGRAM ANALYSIS

Discrete Fourier transform is applied to temporal data

pixel by pixel in phase analysis of gated myocardial

perfusion to determine activity during cardiac cycles, and

phase delay derived from a fundamental frequency is

mapped on the polar coordinate. A histogram of phase

values will show a single clear peak that corresponds to the

timing of cardiac contraction (Figure 1). Themean and SD

might reflect the characteristic histogram shape of a

simultaneous contraction. On the other hand, when the

histogram shows amore complicated structure, such as that

with multiple peaks, the SD cannot reveal the character-

istics of the distribution. The range between the maximum

and minimum might be useful to assess such incoherent

distribution. Nevertheless, the total range is likely to be

affected by noise or outliers. Thus, the 95% width of the

histogram might be more convenient to enhance the

reproducibility and stability of the measure. However,

since the 95% bandwidth is still determined only by data

points ranging from 2.5% to 97.5% on the histogram, it

does not reflect the characteristics of entire histogram

structure. Similarly to the first and second order moments

(mean and SD), other variables such as third and the fourth

ordermoments can be calculated.1 The third ordermoment,

skewness, is defined as a3 = R[(X - l)3])/r3 (l, mean; r,
SD) and reflects the measure of symmetry. When a3\ 0

and [ 0, the left and right tails of the histogram are

respectively longer. The fourth order moment, kurtosis, is

defined as a4 = R[(X - l)4])/r4 - 3 and measures the

sharpness of the peak.Whena4*\0 and[ 0, the peakwill

be respectively more round and more acute than normal

distribution (*standard normal distribution has a kurtosis of

zero). Although these higher-order moments can easily be

calculated, clinical applications have not yet been clarified.
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The order and disorder of distribution can also be

quantified by entropy, namely - Rfi 9 log(fi)]/log(n),
which is normalized by log(n) to bring its range to [0, 1].

In this definition, f(i) is the frequency of the histogram of

each bin, namely the probability of being in the ith bin.

Entropy might be able to effectively characterize the

heterogeneity or homogeneity of distributions in

maps.2,3 This editorial examines the most common

phase patterns and some fundamental factors influencing

bandwidth, SD, and entropy.

APPLICATION TO PATIENTS WITHOUT
CORONARY ARTERY STENOSIS

In this issue of the Journal of Nuclear Cardiology�,

Peix and colleagues described the use of gated myocar-

dial perfusion SPECT for phase analyses of patients

without significant coronary artery stenosis.4 They found

that female patients without stenosis but with summed

stress scores [ 4 (suggesting ischemia) had a higher

prevalence of left ventricular dilation and reduced

ejection fraction compared with non-ischemic patients.

The phase SD and bandwidth were also larger in this

group. The tendency was similar among males, although

the statistical significance was lower than in females.

This finding means that heterogeneous contraction time

was induced in ischemic patients, even in those without

coronary artery stenosis. Although minor changes in

conventional parameters might not be obvious, dyssyn-

chrony variables could reflect underlying

pathophysiological changes.

Figure 1. Sample models of phase images, histograms and texture analysis. Map (16 9 16 pixels)
with mean = 100 and standard deviation (SD) = 10 (A). Delayed phase values are localized in left
lower quadrant (LLQ) (B); and same values are randomized in location (C). In panel D, outlier
values are added to row 1. Histogram A1 is created from image A, histogram in panels B1/C1 is
created from maps of both B and C, and normal distribution with same mean and SD overlaps.
Histogram in panel D1 is created from map D. Bottom row, co-occurrence matrix maps for each
image.
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REGIONAL VS DIFFUSE ABNORMALITY

The study by Peix and colleagues did not determine

the nature of the changes in the distribution of phase

polar maps4; two explanations could account for this

finding. One is when apparent regional ischemia subse-

quently causes stress-induced defects and reduced

motion, and this results in a phase delay. Both regionally

decreased counts and a reduced amplitude of wall

motion will increase relative noise, and the variability of

phase values will be augmented.5 This type of phase

delay is more prevalent when some ischemic segments

are severely hypokinetic, akinetic, and dyskinetic. Based

on induced ischemia, patients with heart failure of

ischemic and non-ischemic etiology could be differen-

tiated by phase analysis.6 The prevalence of

dyssynchrony associated with myocardial perfusion

abnormalities is high regardless of systolic dysfunction.7

The other explanation is that even in the absence of an

obvious localized abnormality, contraction on the entire

myocardium might have become heterogeneous, and

lead to widespread phase distribution. This could be

associated with disturbed microcirculation in periphery

of coronary arteries or the myocardium. Scattered

fibrosis in the myocardium as found in primary and

secondary cardiomyopathy, including chronic kidney

disease and renal failure, might cause such widespread

abnormalities.8,9 In these situations, activity might have

become heterogeneously reduced and ventricles might

have become dilated, which would increase relative

noise in phase. Local and diffuse abnormalities can

concomitantly affect heterogeneous phase distribution in

clinical situations. Left ventricular volume, ejection

fraction, and total counts during data acquisition affect

phase variability even in healthy persons.5,10 A physi-

ological difference between male and female hearts

could be considered. Moreover, because phase variation

is relatively smaller in females, probably due to higher

counts in the unit myocardium, and a smaller heart than

in males, then careful analysis will be required if study

groups contain different numbers of males and females.

SIMPLE MODELS TO UNDERSTAND PHASE
VARIABLES

To understand differences in distribution patterns,

simple models of phase map values can be constructed

as shown in Figure 1. We assigned random integer

values between 0 and 255 to each pixel in a 16 9 16-

pixel area. When these values are generated according to

the normal distribution with the mean and SD being 100

and 10, respectively, the 95% bandwidth, skewness, and

kurtosis are calculated as in Table 1. If the histogram bin

size is changed from 1 to 5 and 10, all values are

rounded to multiples of 5 and 10, respectively, and the

statistical measures will accordingly change. Entropy is

influenced by bin size, because values are classified into

the same bins, that is, more homogeneity. Appropriate

bin size is therefore important to obtain stable results.

Skewness and kurtosis are changed according to changes

in histogram shape.

Data representing dyskinesis that have been artifi-

cially added into the left lower quadrant of Figure 1B

have increased the values for mean, SD, bandwidth

95%, and entropy. Naturally, even if the values are

randomized (Figure 1C), these values will be identical

and the histogram will be the same (Figures 1B1/C1). In

Figures 1B1/C1, the normal distribution with the same

mean and SD of the overall data is superimposed, which

vividly shows the limitation of using the simple phase

SD.

Another caution needed for clinical application is

outlier phase values that sometimes appear in peripheral

parts of the map (Figure 1D). This is caused by a partial

volume effect along the border of the valve plane, and

the reduced count causes a larger variation in the phase.

If only SD and bandwidth are considered, a larger SD

and bandwidth can be calculated, but entropy is less

Table 1. Phase histogram parameters calculated from images in Figure 1

Image
Histogram bin or

image Mean
Standard
deviation

Bandwidth
95% Entropy Skewness Kurtosis

A Histogram bin size = 1 100 10 32 0.64 0.42 3.17

5 98 10 30 0.52 0.37 3.00

10 96 10 30 0.44 0.25 2.90

B Dyskinesis in LLQ 120 37 108 0.74 1.28 3.34

C Randomized 120 37 108 0.74 1.28 3.34

D Outlier values in row 1 102 17 43 0.67 2.35 12.8

LLQ, left lower quadrant
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affected by such peripheral noise (Table 1). However,

these outlier values should be excluded during process-

ing to generate stable results. Counts could also be very

low, for example, in an area of infarct with minimal

uptake, but these areas could be interpreted as true

findings.

DYSSYNCHRONY ANALYSIS FOR FURTHER
STUDIES

Dyssynchrony indices can visualize variations in the

timing of contraction that cannot be clearly discerned

visually. Hence, phase-based dyssynchrony analysis

should play further roles in diagnosis and prognosis.

Although optimal cut-off values for diagnostic perfor-

mance might differ among software packages, the

diagnostic ability of phase bandwidth, SD, and entropy

is acceptable for any software.11 As phase analysis can

be readily added using standard tomographic myocardial

perfusion images, dyssynchrony analysis might serve as

routine data processing to evaluate regional and global

contraction disturbances. Sometimes, even when regio-

nal abnormality is not clearly visualized, dyssynchrony

parameters might provide new insights for diagnosis and

prognosis. The characteristics of phase images and

limitations need to be understood because these vari-

ables are common scalar values calculated from

histogram distribution.

In order to investigate regional phase distribution

patterns further, additional methods such as texture

analysis may be applied. Figures 1A2-D2 shows simple

models of a gray-level co-occurrence matrix with

different patterns for images A, B, C, and D. In the

matrix plot, the elements mij represent the probability of

all occurrences of a pixel with intensity i to the left or

bottom of a pixel with intensity j, assuming all pixels lie

in one of n successive bins. However, the clinical utility

of texture analysis is yet to be determined.

The applicability of phase analysis to ischemic and

non-ischemic cardiac diseases and the possibility of

additional variables are under investigation until definite

phase analysis indications are determined for diagnosis

and prognosis. When factors influencing dyssynchrony

variables are clarified, the results would be less mysti-

fying, and they should become indispensable tools for

nuclear cardiology.
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