Computerized Analysis of Abnormal Asymmetry in Digital
Chest Radiographs: Evaluation of Potential Utility

Samuel G. Armato lll, Maryellen L. Giger, and Heber MacMahon

The purpose of this study was to develop and test a
computerized method for the fully automated analysis
of abnormal asymmetry in digital posteroanterior {PA)
chest radiographs. An automated lung segmentation
method was used to identify the aerated lung regions
in 6800 chest radiographs. Minimal a priori lung mor-
phology information was required for this gray-level
thresholding-based segmentation. Consequently, seg-
mentation was applicable to grossly abnormal cases.
The relative areas of segmented right and left lung
regions in each image were compared with the corre-
sponding area distributions of normal images to deter-
mine the presence of abnormal asymmetry. Computer-
ized diagnoses were compared with image ratings
assigned by a radiologist. The ability of the automated
method to distinguish normal from asymmetrically
abnormal cases was evaluated by using receiver oper-
ating characteristic (ROC) analysis, which yielded an
area under the ROC curve of 0.84. This automated
method demonstrated promising performance in its
ability to detect abnormal asymmetry in PA chest
images. We believe this method could play arole in a
picture archiving and communications (PACS) environ-
ment to immediately identify abnormal cases and to
function as one component of a multifaceted computer-
aided diagnostic scheme.
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UTOMATED SEGMENTATION of anatomic
regions in digital radiographs is a key ele-
ment of computer-aided diagnostic (CAD) meth-
ods. In chest radiography, investigators are develop-
ing methods to identify intercostal spaces,! rib
borders,>* ribcage margins,’ hemidiaphragm bor-
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ders,® costophrenic angles,” and the complete lung
boundary.®* We have developed a computerized
method for the automated segmentation of the
aerated lung fields in digital posteroanterior (PA)
chest radiographs.!* This method is based on gray-
level thresholding techniques, including iterative
global gray-level thresholding and local gray-level
thresholding, which reduce the need for a priori
assumptions regarding the overall morphology of
the lung regions. Consequently, this method is
particularly robust when applied to grossly abnor-
mal images, which may be caused by dense infil-
trates, substantial pleural effusions, large neo-
plasms, extensive atelectasis, thoracotomy, elevated
hemidiaphragm, or asymmetric cardiomegaly. These
conditions may affect lung volume to such an
extent that a large-scale opacity is demonstrated on
the radiograph, thereby reducing the area of and
altering the morphology of the aerated lung as
projected on the image plane.

With the exception of interval change detec-
tion,'> most CAD schemes currently being devel-
oped for digital chest radiography are specific to
one particular pathology.’®>* These schemes often
utilize information regarding the ‘“‘normal’ appear-
ance of the ribcage, diaphragm, and mediastinum in
a chest image. A potential problem arises when the
nature of the thoracic abnormality is such that it
substantially affects the volume of the lungs. A
large-scale abnormality of this type may present
radiographically as abnormal asymmetry, which
occurs when a gross abnormality is demonstrated in
only one hemithorax (or is more extensive in one
hemithorax than in the other). This can substan-
tially alter the overall morphology of the thorax,
which, while apparent to a radiologist, could result
in the failure of computerized schemes.

The gray-level thresholding-based lung segmen-
tation scheme, however, may be used to detect the
presence of abnormal asymmetry.?> The computer-
extracted lung segmentation contours are expected
to appropriately exclude radio-opaque regions that
impinge on the lung field and encompass only the
remaining aerated region. Consequently, areas of
the right and left lung segmentation contours
correspond to the projected areas of the aerated
lung regions. The lung segmentation contours are
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used to automatically determine these projected
areas, from which two measures of asymmetry are
calculated. Substantial deviation of these measures
from the measures determined for a set of normal
images indicates the presence of abnormal asymme-

try.

The detection scheme presented here could be
implemented as part of a picture archiving and
communications system (PACS)?% in a digital radi-
ology department as a computerized triage and
prioritization system, so that the images of patients
with severe abnormalities may be brought to the
immediate attention of radiologists. Moreover, since
the segmentation schemg is sensitive to a wide
range of pathologic conditions, it may be applied to
tmages prior to other more lesion-specific comput-
erized schemes that may fail if attempted on a
grossly abnormal case. Symmetric abnormalities,
however, would not be detected in this manner;
further information on absolute lung areas would
be required.

MATERIALS AND METHODS

Lung Segmentation

We compiled a database of 600 clinical PA chest images
extracted from databases of radiographs collected by oth-
ers.>1327 All radiographs were acquired with a Thoramat
(Siemens; Munich, Germany) dedicated chest radiography unit,
using a Lanex Medium OC (Eastman Kodak Co; Rochester,
NY) screen-film system at 125 kVp with a 12:1 focused grid and
a 183 cm source-to-film distance. In all cases the patients were
imaged with 14- X 17-in (35.6 X 43.2-cm) vertically oriented
film. The radiographs were digitized at 10-bits of gray scale
using a laser film scanner (KFDR-S; Konica Corp; Tokyo,
Japan), which assigned low pixel values to regions of high
optical density and high pixel values to regions of low optical
density. The images were spatially subsampled to obtain a
working image matrix size of 286 X 347 pixels (1.2-mm pixel
dimension).

Detection of abnormal asymmetry begins with automated
segmentation of the aerated lung regions, a method that has been
reported previously.'* To summarize, a gray-level histogram is
constructed from the central portion of the image. The maxima
and minimum of this typically bimodal histogram are used to
identify a range of gray levels that will be utilized during the
iterative global gray-level thresholding process. At each gray-
level thresholding iteration, a binary image is constructed in
which only pixels with a corresponding image pixel gray level
less than the threshold are turned “‘on,” and contours are
constructed around each group of contiguous “on” pixels.
Horizontal gray-level profile analysis is performed on each of
these groups to eliminate regions external to the lungs. Conse-
quently, regions outside the lungs are unable to merge with lung
regions, a likely occurrence at later iterations. With each
subsequent iteration, the gray-level threshold is increased, and
the procedure is repeated. In this manner, the segmentation
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contours effectively expand to encompass the aerated portion of
the lung regions. Local gray-level thresholding is then imple-
mented within a series of regions-of-interest (ROIs) to more
completely capture the aerated lung regions. A final contour set
is constructed based on a composite binary image created by
thresholding pixels within individual local ROIs. Lung segmen-
tation is complete after costophrenic angle delineation is per-
formed.”

Areas of the final lung segmentation contours are computed
from the numbers of image pixels included within the contours.
These computer-extracted areas, which correspond to the pro-
jected areas of the aerated lung regions, are used to calculate
measures of asymmetry from which the presence of an abnormal-
ity is determined. The right lung area and left lung area are
defined as the sum of the areas of all contours on the
corresponding side of the mediastinum. Presumably, all con-
tours outside the lung regions have been suppressed, and large
abnormalities may divide the aerated portion of one lung into
two or more regions. Figure 1 shows the segmentation contours
encompassing the aerated lung regions of an image with
abnormal asymmetry caused by an elevated left hemidiaphragm.

Measures of Asymmetry

Two measures are used to assess abnormal asymmetry: (1) the
“ratio measure,” and (2) the ‘“distance measure.”?5 Both
measures require comparison with values for known normal
images. Consequently, the measures are based on the right and
left lung areas, computed by the segmentation scheme, for a set
of radiographically normal images (the “‘baseline normal im-
ages”’).

The first measure of asymmetry, the “‘ratio measure,” utilizes
the mean and standard deviation of the right-lung-area-to-left-
lung-area ratio for the baseline normal images. This mean ratio
is greater than one because the cardiac sithouette impinges on
the projected area of the left lung. For all other images in the
database not included in the set of baseline normal images, the
ratio of right and left lung areas is computed. A decision
regarding the presence of abnormal asymmetry for a particular
image is based on the difference between the area ratio
associated with that image and the mean baseline normal ratio;
abnormal cases are expected to result in greater differences than
normal cases.

The second measure of asymmetry is based on a graphical
comparison of lung areas. For the same set of baseline normal
images, the left lung area is plotted as a function of right lung
area for each image. A regression line?® is then constructed from
these points (Fig 2). The “‘distance measure’ utilizes the mean
and standard deviation of the perpendicular distance from this
regression line to the baseline normal image points. The
perpendicular distance associated with a representative baseline
normal image point is indicated by “d” in Fig 2. Left lung area
is then plotted against right lung area for all other images in the
database. The decision variable is the perpendicular distance
from the regression line of baseline normals to the point
representing a particular image. It is expected that this distance
will be greater for a case with abnormal asymmetry, since such a
case will exhibit a reduction in aerated area of one lung relative
to the other.
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Fig 1. (A} Original image and (B) the image with its
computer-determined contours overlaid in a case demonstrat-
ing an elevated left hemidiaphragm.

Subjective Evaluation of Abnormality

An abnormality has, in the present context, two defining
global characteristics, namely, the area it occupies as projected
onto the image plane and its radiolucency. A diffuse infiltrate
may occupy a substantial fraction of one lung, but its overall
optical density might not be much lower than the surrounding
unaffected parenchyma. Conversely, a dense lesion may be quite
small compared to the overall dimension of the lung region, as in
the case of a calcified granuloma. Both aspects of an abnormal-
ity should be considered to assess abnormal asymmetry.

Although determining the presence of an abnormality in an
image is, in a simplistic sense, effectively a binary decision (ie,
calling the case normal or abnormal), the present situation
requires a judgment as to whether the abnormality is gross
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enough to constitute abnormal asymmetry in the image. For
example, the presence of a granuloma renders a case abnormal,
but its radiographic effect will not produce what we have defined
as abnormal asymmetry. On the other side of the spectrum, a
patient who has had a pneumonectomy will typically demon-
strate a completely radio-opaque hemithorax, which yields the
most extreme condition of asymmetry. Accordingly, a subjective
rating system was established to assess the area occupied by an
abnormality in each hemithorax along with the opacity of that
abnormality.

The images in the database were reviewed by an attending
chest radiologist [HM] to assess the degree to which abnormali-
ties existed and thereby establish “truth.” Each image was
displayed on an Indy Workstation (Silicon Graphics, Inc;
Mountain View, CA). Each hemithorax of each image was
evaluated using one rating scale for the projected area occupied
by an abnormality (0 = normal, 1 = less than 25% of the lung
area affected, 2 = 25% to 50% of the lung area affected,
3 = more than 50% of the lung area affected) and another rating
scale for the opacity of the abnormal region (0 = normal,
1 = minimal opacity, 2 = intermediate opacity, 3 = complete
opacity). For example, the left hemithorax of Fig 1 was assigned
an area rating of 2 and an opacity rating of 3, while the right
hemithorax was evaluated as normal (0 for both ratings). It is
important to note that hemithoraces classified as “normal” were
normal with respect to abnormalities that substantially impinged
on the aerated lung area. According to this criterion, focal
scarring or small lung nodules, for example, were ignored as
abnormalities. In other words, an area rating of 1 (less than 25%)
was assigned only when the extent of an abnormality exceeded
some subjective threshold.

Figure 3A presents the distributions of area and opacity
ratings assigned to all 600 images in the database (1200
hemithoraces). Figure 3B shows the distributions of the area and
opacity ratings assigned to hemithoraces in images that were not
normal; these data correspond to images in which at least one
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Fig 2. Plot of left lung area versus right lung area for the
100 baseline normal images. The regression line is also
shown. “d” represents the perpendicular distance from the
regression line of a representative point and is the basis of the
distance measure.
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Fig 3. Histograms of radiologist ratings assigned to the
area and opacity of abnormality. (A) Ratings for all 1200
hemithoraces. (B) Ratings for 250 hemithoraces from only
those cases demonstrating an abnormality in at least one
hemithorax.

hemithorax was assigned a non-zero rating for “area of abnor-
mality.”” Of the 600 images, 475 were classified as normal (ie,
area rating equals O for both hemithoraces). and 125 were
abnormal (ie, a non-zero area rating assigned to at least one
hemithorax). It is important to note that this definition does not
incorporate any measure of asymmetry between the hemithoraces.

Baseline Normal Images

The lung areas as calculated by the automated lung segmenta-
tion method were used to construct the abnormal asymmetry
measures previously discussed. Both the ratio measure and the
distance measure require a set of baseline normal images to
establish the average right-lung-area-to-left-lung-area ratio and
the regression line, respectively, for normal cases. The first 100
images in the database (in case-number order) to satisfy the
following two criteria were selected as the baseline normals: (1)
area and opacity ratings of 0 (ie, normal) for both hemithoraces
as assigned by the reviewing radiologist (an ancillary costo-
phrenic angle rating of “normal” was also required), and (2)
computer-determined lung segmentation contours rated as either
moderately or highly accurate by two evaluating radiologists as
part of a separate study.'* This last requirement was consistent
with our intended goal: since the detection of abnormal asymme-
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try utilizes lung area information that results from the automated
lung segmentation scheme, only the area values of normal
images with accurate segmentation contributed to the ““average
normal ratio”” and the ‘“‘regression line for normals.”

The basis for the ratio measure is the mean ratio of right lung
area to left lung area for the baseline normal images. Figure 4 is
a histogram of the lung area ratios for all 600 images in the
database. Greater deviations from the calculated baseline nor-
mal image mean ratio of 1.15 (+0.12) should indicate more
pronounced degrees of abnormal asymmetry. Four images with
lung area ratios greater than 2.30 are not represented in the
histogram.

As discussed previously, Fig 2 presents a plot of left lung area
as a function of right lung area for the 100 baseline normal
images along with the corresponding regression line. The
distance measure is based on the mean perpendicular distance of
baseline normal image points from the regression line, the
equation of which is given by

(left lung area) = 0.88 (right lung area) — 70.38

The mean perpendicular distance of baseline normal points from
the regression line was 643.0 = 489.4 pixels. Figure 5 presents a
plot of left lung area as a function of right lung area for all 600
images. The regression line for baseline normal images is shown
along with two parallel lines representing the mean distance
(643 pixels) of baseline normal points from the regression line.
Abnormal images are not distinguished from normal images in
this plot, because multiple definitions of ‘‘abnormal” were used
in the evaluation as discussed below.

RESULTS

Receiver operating characteristic (ROC) analy-
sis?” was used to assess the ability of the abnormal
asymmetry detection scheme to distinguish be-
tween images with and without abnormal asymme-
try by using the LABROC4 software package (C.E.
Metz, PhD, The University of Chicago).?¥ The area
under the ROC curve (Az) served as the index of
performance. Four different measures of abnormal-
ity were used, namely, the ratio measure alone, the
distance measure alone, a measure consisting of a
logical AND operation between the ratio and
distance measures (ie, both measures need to
exceed the critical value of the decision variable in
order for a case to be called ‘““abnormal’), and a
measure consisting of a logical OR operation
between the ratio and distance measures (ie, a case
is called “abnormal’ if either measure exceeds the
critical value). Moreover, several different defini-
tions of a “true”” abnormal case were used to assess
the ability of the scheme to detect abnormal
asymmetry of varying degrees. For each combina-
tion of asymmetry measure and “truth” definition,
the scheme was applied first to all 600 images
(including the 100 baseline normal cases) and then
to the 500 images that remained after exclusion of
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Fig4. Histogram of the right-lung-area-to-left-lung-area ratios for all 600 images. Greater deviations from the calculated baseline
normal image mean ratio of 1.15 {+0.12) should indicate more pronounced degrees of abnormal asymmetry. Four images with lung

area ratios greater than 2.30 are not depicted.

the baseline normal images (to separate ““training”
from “testing’”’ cases).

Table 1 presents Ay for the various combinations
of asymmetry measure and “truth” definition. The

25000

20000 4
3
15000 4

10000

Left Lung Area (pixels)

5000

A | D T T
5000 L0 15000 20000 25000

Right Lung Area {pixels)

Fig5. Plot of left lung area versus right lung area for all 600
images. The regression line for baseline normal images is
shown along with two parallel lines representing the mean
distance of baseline normal points from the regression line.
Abnormal images are not distinguished from normal images
in this plot, because abnormality can be defined in different ways.

numbers of images considered to be ‘‘true’” nor-
mals and “true” abnormals for each definition of
“truth” are indicated. The ratio measure yielded the
highest Az value for all conditions, with slightly
lower values occurring when baseline normal cases
were excluded from the testing phase. In general,
performance increased as the opacity rating in-
creased or as the difference between the area
ratings for the two hemithoraces increased. Figure
6 presents ROC curves of ratio measure perfor-
mance for four of the conditions in Table 1.

DISCUSSION

Selection of the baseline normal cases and
calculation of their associated measures (ie, ratio of
right lung area to left lung area and distance from
the left lung area versus right lung area regression
line) is an important aspect of this method, because
the criteria used in our analysis are calculated from
these baseline normal cases. It is worthwhile to
investigate the robustness of the method with
regard to baseline normal case selection. The
database contained 325 cases for which (1) both the
area and opacity were rated as normal by the
radiologist, (2) both costophrenic angles were rated
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Table 1. Performance of Abnormal Asymmetry Detection Scheme Combining Different Abnormality Measures
With a Range of “True” Abnormal Definitions

Abnormality Measure

Baseline

Normals Ratio AND Ratio OR

Definition of Abnormal Ny Na  Included Ratio Distance Distance Distance

Either lung assigned non-zero area rating 475 125 yes 79 = .024 74+ .027 .76 =.026 .78 = .025

no 78 +.024 73 +.028 .75=*.027 .76 +.026

Difference between area ratings = 1; opacity =2 for more 492 108 yes 79+ .024 .74 .029 .76=x.028 .77 +.026

abnormal lung no 78+ .025 .73 x.030 .75x.029 .76 = .027

Difference between area ratings =1; opacity = 3for more 525 75 yes .81 +.026 .73+x.034 .76+ .033 .80 =x.028

abnormal lung no 80 x.027 .71+.0365 .74+ .033 .78 +.029

Difference between area ratings =2; opacity =2 formore 570 30 vyes 79 = .049 74 = .056 .75 .055 .79 + .050

abnormal lung no .78 + .050 .73 +£.057 .74 .056 .77 = .051

Difference between area ratings =2; opacity = 3 for more 578 22  yes .85 +.046 .78 +.060 .82 +.055 .83 +.052

abnormal lung no .84 +~ .048 .77 =.062 .81 +.057 .82 x.053
Difference between area ratings = 3; opacity of abnormal 592 8 yes .99 x .0042 99 * .0098 .99 = .0055 .99 * .0080
lung =2 ) no .99 ~ .0050 .99 = .012 .99 = .0064 .99 * .0097

NOTE. The values reported are areas under the ROC curve for each condition. Ny and N, refer to the number of cases considered to
be normal and abnormal, respectively, according to each definition of “true” abnormal.

as normal, and (3) the computer-determined lung
segmentation contours were rated as either moder-
ately or highly accurate by two evaluating radiolo-
gists (as part of another study). The results reported
in the preceding section were based on the selection
of the first 100 of these cases (in case-number
order) as the baseline normal cases, which will be

referred to as the ‘“‘standard baseline normal set.”
We then assessed the ability of the method to detect
abnormal asymmetry with three other sets of base-
line normal cases: (1) the second 100 of the 325
cases, (2) the third 100 of the 325 cases, and (3) all
325 of the cases satisfying the criteria outlined
previously.
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Fig 6. ROC curves for abnor-
mal asymmetry detection based
on the ratio measure. A different
definition of “true” abnormal un-
derlies each curve (see Table 1): 1
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ings for each lung and an opacity
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lung, (C) with a difference be-
tween area ratings =2 and opac-
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lung, (D} with a difference be-
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Table 2. Mean Ratio of Right Lung Area to Left Lung Area and
Mean Distance From the Regression Line for Four Sets of
Baseline Normal Cases

Baseline Normals
Selected Ratio P Distance P

First 100 of the 325
cases {standard
baseline normal

set) 115+ 0.12 — 643.0+4894 —
Second 100 of the

325 cases 113+ 0.11 .28 631.4+ 5252 .87
Third 100 of the 325

cases 1.18 = 0.098 .07 559.0 = 468.3 .22
All 325 cases 1.16 = 0.11 .68 631.0 + 501.0 .83

NOTE. The P values listed are based on a t-test comparison
of the individual means with the standard baseline normal set
means.

The mean right-lung-area-to-left-lung-area ratio
and the mean distance from the regression line for
all four sets of baseline normal cases are listed in
Table 2. The P values listed in Table 2 are based on
a two-sample #-test’® comparison of the mean ratio
of each of the three additional baseline normal sets
with the mean ratio of the standard baseline normal
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set (ie, first row of the table); a similar analysis was
performed for the mean distances. No statistical
significance was found at the P = .05 level among
the mean ratio values or the mean distance values
of the other three sets of baseline normal cases
relative to the respective means of the standard
baseline normal set. Therefore, we have no evi-
dence that the different sets of images represent
distinct populations.

We then repeated the ROC analysis of the
performance of the method by using the three
additional sets of baseline normal cases to establish
the detection criteria. Table 3 shows, in a format
adapted from Table I, the performance (ie, Ay
values) of the ratio measure based on different sets
of baseline normal images. The ROCKIT software
package (C.E. Metz, PhD, The University of Chi-
cago) was used to obtain the P values, which are
based on a comparison with the performance of the
ratio measure when the standard baseline normal
set 1s used to establish the detection criteria. No
statistical significance was found at the P = .05

Table 3. Effect of Baseline Normal Image Selection on the Performance of the Ratio Measure
in the Assessment of Abnormal Asymmetry

Baseline Normal Selection

Corresponding

Baseline Standard Second  Third 100 All 325
Normals Normal Set 100 of the ofthe 325 Normal
Definition of Abnormal Included (First 100} 325 Cases Cases Cases
Either lung assigned non-zero area rating yes .79 .78 .79 .80
P=24 P=.73 P=.82
no .78 77 77 —

Difference between area ratings =1; opacity =2 for more abnormal lung yes .79 79 .79 .80

P=81 P=60 P=.88
no .78 77 77 —

Difference between area ratings =1; opacity = 3 for more abnormal lung yes .81 .81 .82 .82

. P=.06 P-52 P=.3
no 80 79 80 -
P=.10 P=.44

Difference between area ratings =2; opacity =2 for more abnormal lung yes 79 79 .81 .80

P=.79 P=.85 P=.59
no .78 .78

Difference between area ratings =2; opacity = 3 for more abnormal lung yes .85 .85 .85 .85

Difference between area ratings = 3; opacity of abnormal lung =2

P=82 P=41 P=94
no .84 .83 .84 —
P=.20 P=.93
yes .99 .99 .99 .99
P=10 P=10 P=10
no .99 .89 .99 —

P=10 P=287

NOTE. The values reported are areas under the ROC curve for each condition. The P values are based on a comparison with the
performance of the ratic measure based on the standard baseline normal set.
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level between the performance of the ratio measure
based on the standard baseline normal set and the
performance of the ratio measure based on any of
the other three baseline normal sets. This result
demonstrates the robustness of the abnormal asym-
metry detection method.

Since abnormal asymmetry may present as a
diffuse region of increased density (air space infil-
trates, for example), comparison of lung segmenta-
tion contour areas may not be sufficient to detect
the presence of an abnormality. For example, the
density of a diffuse abnormality might be such that
the thresholding techniques would cause the lung
contour to encompass the abnormality without a
reduction in contour area. To eliminate this type of
false-negative, optical density information could be
incorporated into the detection scheme. Such a
density test could be applied to those cases labeled
“normal”’ based on area comparison tests to achieve
improved performance. Future work could also
seek to establish the distribution of normal lung
area ratios and normal density ratios based on
analysis of a large collection of normal images.
With such information, it may be possible to extend
these methods to the detection of symmetrically
distributed thoracic abnormalities.
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The automated lung segmentation method we
developed for PA chest images utilizes an iterative
global gray-level thresholding scheme followed by
a local gray-level thresholding scheme. Accord-
ingly, little a priori information regarding the
overall morphology of the aerated lung regions is
required. This scheme has been adapted to detect
large-scale abnormalities that occur in only one
hemithorax or that are more extensive in one
hemithorax relative to the other. Measures based on
relative areas of the right and left lungs have been
developed that allow for an automated assessment
of the presence of abnormal asymmetry based on a
comparison with normal cases. The advantage of
this approach is its sensitivity to a wide variety of
abnormalities.
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