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Fic. 8. Detector. There are 32
annular rings and 32 wedges.
The 20° vertically oriented sec-
tor acts as a filter. The energies

some degree of success.”- 1424 Therefore, a
detector in the transform plane consisting of
32 annular rings was used to obtain the total
contribution of 32 radial frequencies to accu-
rately reflect the amount of edge by the rela-
tive strength of the annulli. The maximum
spatial frequency measurable in this experi-
ment corresponded to 8.8 line pairs/mm.
This exceeds observable resolution for this
class of films as measured by Morgan and
Rossmann.17. 23

The construction of the detector (Fig. 3) is
such, that the 20° vertical sector used to carry
wires for readout of the 32 annular rings, acts
as a filter for certain structures in the image.
Since the output in the transform plane is
orthogonal to the input plane, the energies
which result from the posterior rib edges falls
on the 20° vertical wedge regions thus reduc-
ing the effect of the posterior ribs in the energy
measurements. The spectral measurements
were normalized to unit energy by dividing
each measurement by the total energy in the
transform, which in this case was the sum of

which result from the posterior
rib edges fall onto this region of
the detector, reducing the effect
of the posterior ribs in the
energy measurements.

the energy in all the annular rings. This nor-
malization compensated for linear inter-film
differences in dynamic range and average
density. The normalized energies in the rings
were then logarithmically transformed to cre-
ate distributions which were more nearly
Gaussian.

Textural feature selection and classification
approach. Quite often a group of feature
measurements contain both redundant features
and those which are of little value in separat-
ing the classes. For a classifier to work succes-
fully, these unwanted features must be re-
moved. In addition, the larger the set of
measurements the classifier must deal with, the
greater the numerical inaccuracy in computing
the needed discriminant functions. Thus, it is
advantageous to reduce the dimensionality of
the feature space by determining which of the
original measurements contain the most useful
information for the classifier.

In order to select this subset, a measure of
the value of a feature must be defined. For a
two class problem, where the classifier assumes
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TasLe 2. Digital Test Results
Assigned Class
1 2
True class i 90 10
2 5.2 94.8
TasLe 3. Optical Test Results
Assigned Class
1 2
True class 1 69.7 30.3
2 4.0 96.0
TasLe 4. Combined Physician Results
Assigned Class
1 2
True class 1 825 175
2 2.6 974

a Gaussian distribution of features, the “di-
vergence” measure is often used.!

It would be desirable to find which combi-
nation of N features, taken together, would
be optimal. However, in practice, this is often
not feasible. A compromise is to calculate the
divergence of R features one at a time and then
to choose N of those with the highest diver-
gence value.

The divergence measure is defined for only
a two class situation. In order to use this
measure in a k > 2 class problem, the sum of
the paired divergences is often used as an
optimization criteria.l The features are ranked
one at a time by the total summed divergence.
If two leatures are highly correlated, they not
only contain redundant information, but they
make it extremely difficult to carry out sta-
tistical classification. This is particularly true
of classifiers which must invert a covariance
matrix. To identify the degree of correlation
between features, a normalized correlation
matrix C of dimension R by R was defined,
and was computed for all R features. The final
N features were chosen by first ordering the R
original features by the divergence measure
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and accepting only features whose absolute
value of correlation with all previously ac-
cepted features did not exceed 0.8. Features
were added to the final set in this manner
until the classification accuracy during train-
ing no longer improved.

The k=2 class situation consisted of a nor-
mal-abnormal determination where any film
above major profusion category 0 was deemed
abnormal. In this manner, an R dimensional
feature space was reduced to an N dimensional
feature space. The selected features for the
two class diagnostic classification using the
digital or optical measures never exceeded six
in number.

Computer classification results. The com-
puter or physician diagnostic results are all
discussed in terms of confusion matrices.15

The computer diagnostic testing procedure
consisted of removing one sample from the
data base, training on the remaining samples
and resubmitting the withdrawn sample for
reclassification. This was a fair test, since the
classifier did not “see” the withdrawn sample
until it was asked to assign it diagnostically to
a class. A second more severe test was also
performed. This test consisted of removing
one-half of the data from each class and train-
ing on the remaining data. The removed half
was then submitted to the classifier for diag-
nosis. This was repeated twice so that all data
was classified in a test situation. In many re-
spects, these two testing procedures were log-
ical extremes.

When discussing digital accuracy rates on a
per zonal film rather than a per inter-rib space
basis, the following rule of correspondence was
applied. If a film contained any abnormally
classified inter-rib space, the assigned diag-
nostic class for the film was abnormal.

The one-at-a-time removal test procedure on
digitally derived features yielded the following
results. The computed normal-abnormal diag-
nostic rate* was 94.79,. On a per-film basis,
3 films were missed for a corresponding diag-
nostic rate of 96.89. When the more severe
second test was performed, the confusion ma-

* The normal-abnormal diagnostic rate is the total
number diagnosed correctly expressed as a percentage.
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trix in Table 2 was found. The normal-abnor-
mal rate was 92.49,. On a per-film basis, this
was 96.89,. The one missed abnormal was of
profusion category 1/1.

One quite obvious conclusion is that the
normal-abnormal diagnostic rates were quite
stable, using digitally derived textural features.
The two class testing rates using transform
domain features indicated the following. For
the one-at-a-time test procedure, the normal-
abnormal rate was 89.49,. Of the 10 missed
normal films, 6 were from profusion category
0/1. The 8 missed abnormals were from pro-
fusion category 1/1. When a common film base
with digitally derived features is compared, 5
out of 95 films were missed for a diagnostic
normal-abnormal rate of 94.79,. The more
severe test procedure yielded the matrix shown
in Table 3. The normal-abnormal diagnostic
rate was 82.99,. Of the 12 missed normals, 6
were again from profusion category 0/1. A
common film base of the digital film base once
again indicated b misses out of 95 for a normal-
abnormal rate of 94.79.

Physician diagnosis. Six radiologists were
requested to diagnose the identical 141 lung
regions submitted for automatic analysis. Two
of the six readers originally selected the films
in this study. One of these two initial readers
also participated in the selection of American
College of Radiology standard films and is a C
reader. The other initial reader is an experi-
enced B reader who has published extensively
in various aspects of chest radiographic inter-
pretation and screens approximately 100 chest
films per day for the County of Los Angeles.
The other four readers consisted on one C
reader and three experienced B readers. As a
group, these six radiologists represented over
130 years of radiological reading
experience.

The physicians viewed the entire radiograph
with the 141 lung zones within which they
were to make their diagnosis labeled and num-
bered. They were asked to disregard any
information not included in the delineated
zone. This procedure allowed the readers to
grade individual zones within an anatomical

nman

context.
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When all the 6 X 141 = 846 physician ob-
servations were averaged, the confusion matrix
in Table 4 was formed. In this instance, the
normal-abnormal rate was 89.959,. It was also
discovered that the original two readers were
in agreement with themselves 979, of the time
in a normal-abnormal decision.

In summary, the false positive rates for the
six readers ranged from 59.09, to 2.99, with
an average of 17.59,. Correspondingly the
false negative rate ranged from 1.09, to 6.9%,
with an average of 2.69,. The averaged phy-
sician rates showed no significant changes when
computed on the basis of the 95 films sub-
mitted for digital analysis.

As this was a feasibility study, the available
data base was necessarily limited. As the data
base is expanded and statistics of the measured
features become better known, it may be con-
jectured that performance will tend to im-
prove. Nevertheless, performance was most
encouraging.

Address for correspondence: A. Franklin Turner,
MD, Professor of Radiology & Medicine, LAC-
USC Medical Center, Box 778, 1200 North Staie
Street, Los Angeles, California 90033.
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