Bi-plane correlation imaging for improved detection of lung nodules
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ABSTRACT

Bi-plane correlation imaging (BCI) is a new imaging approach that utilizes angular information from a bi-plane digita
acquisition in conjunction with computer assisted detection (CAD) to reduce the degrading influence of anatomical noisein
the detection of subtle lesions in planar images. An anthropomorphic chest phantom, supplemented with added nodule
phantoms (5-13 mm at the image plane), was imaged from different posterior projections within a +12° range by moving
the x-ray tube vertically and horizontally with respect to the detector. Each image was analyzed using a basic front-end
single-view CAD algorithm. The correlation of the suspect lesions from the PA view with those from each of the oblique
views was examined using a priori knowledge of the acquisition geometry. The correlated suspect lesions were registered
as positive. Using an optimum —3° vertical geometry and processing parameters, BCI resulted in 62.5% sensitivity, 1.5
FP/image, and 0.885 PPV. The corresponding values from the observer experiment were 56% sensitivity, 10.8 FP/image,
and 0.45 PPV, respectively. Compared to single-view CAD results, the BCI reduced sensitivity by 20%. However, the
corresponding reduction in FPs was notably higher (94%) leading to 140% improvement in the PPV. Changes in
processing parameters could result in higher PPV and lower FP/image at the expense of lower sensitivity. Similar findings
were indicated for small (5-9 mm) and large (9-13 mm) nodules, but the relative improvement was significantly higher for
smaller nodules. (The research was supported by a grant from the NIH, R21CA91806.)

Keywords: Chest radiography, digital radiography, stereoscopy, lung nodules, lung cancer, computer aided detection
(CAD)

1. INTRODUCTION

Lung cancer is a leading cause of death in the US, surpassing the mortality associated with breast, prostate, colon, and
cervical cancers combined (ACS 2002). In its early stages, lung cancer is often discovered in the form of solitary lung
nodules when a chest radiograph of a patient is taken for another purpose. Many studies suggest that the probability of
localized disease, and thus patient survival, isinversely proportional to the size of anodule at the time of diagnosis (Padilla
1997, Mori 1989). Therefore, any improvement in the poor prognosis of lung cancer relies on improving the early
detection of associated lung nodules when they are still small, and thus the probability of the spread of the disease is till
low. In chest radiographs, small cancerous nodules are difficult to detect. Even very experienced radiologists often miss
subtle lung nodules that can be detected if the image is viewed retrospectively after the diseaseis confirmed (Heelan 1984).
In spite of much technological advancement in chest radiography in the last four decades, there has been little or no
improvement in the detection of small lung nodules (Revesz 1977, Muhm 1983, Heelan 1984, Gavelli 1998).

There are three main factors limiting the detection of subtle lung nodules and early diagnosis of lung cancer: nodule
contrast to noiseratio (CNR), perceptual errors, and anatomical noise. The detection of lung nodules can be influenced by
their low CNR. There have been significant advancements in radiologic technology, including the development of digital
radiographic systems, that have led to significant improvements in the resolution, noise, and latitude characteristics of
thoracic images leading to improved CNR of lung lesions. Perceptual errors, at both visual and cognitive levels, are the
second obstacle contributing to the low detection rate of subtle lung nodules (Kundel 1978, Kundd 1975, Carmody 1980).
Computer assisted diagnosis (CAD) agorithms have also been devel oped as a method to provide a complete search of the
image data and thus minimize perceptual errorsin the detection of lung nodules in chest radiographs (Giger 1988). The
third and perhaps the most significant obstacle with detrimental effects on the detection of lung nodules in chest
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radiographs is anatomical noise, the normal thoracic structures surrounding and overlaying alesion masking its appearance
(Burgess 1997, Samel 2000, Revesz 1974, Neitzel 1998).

Several promising methods have been developed to reduce the influence of anatomical noisein thoracic images. Two such
techniques that aim to improve lung nodule detection by minimizing the appearance of ribs and other overlaying thoracic
structures are dual-energy imaging (Stewart 1990, Kido 1995) and digital tomosynthesis (Zwicker 1997, Dobbins 1998).
Theformer technique, with only two systems commercially available, is currently under clinical evaluation, whilethelatter
awaits further development and clinical implementation. Computed tomography is probably the optimal modality for
minimizing anatomical noise in chest imaging asit eliminates overlays of anatomical structures associated with projection
imaging. There has been recent excitement over the use of low-dose CT for lung cancer screening (Henschke 1999).
However, at the present, utilization of CT as a wide-spread screening method for the detection of subtle lung nodulesis
controversial because of associated economic (cost and technology availability), patient care (e.g., over-treatment), and
epidemiological (e.g., patient dose) issues.

This study proposes a new image acquisition and processing approach, bi-plane correlation imaging (BCl), for improving
the detection of subtle lung nodules. In this approach, two digital images of the thorax are acquired within a short time
interval from two dightly different posterior projections (Fig. 1). The image data are then incorporated into an enhanced
CAD agorithm in which nodules are detected by examining the geometrical correlation of the detected signalsin the two
views. The underlying hypothesis of the proposed approach is that the anatomical noise associated with normal anatomical
features in the thorax is the main factor limiting the detection of subtle lung lesions. Angular information is used to
minimize this limiting influence by identifying and positively reinforcing the nodule signals, which remain relatively
constant against a variation in the background structure. This approach does not promise to completely eliminate
anatomical noise (as CT does), but aims to cost-effectively reduce its influence without an increase in the patient dose.
Using correation of signals between two views to identify “true’ signals, CAD can be utilized at high sensitivity levels,
lowering the detection thresholds, without an undesirable increase in the number of fal se positives. The hybrid approach of
utilizing angular information in conjunction with digital acquisition and CAD addresses all three major obstacles to the
detection of subtle lung nodules discussed above. The angular information reduces the effects of anatomical noise, the
high signal-to-noiseratio of digital acquisition assures sufficient nodule contrast, and CAD incorporates a complete search.
This paper reports on a study aimed to explore the feasibility of BCI for improved early detection of subtle lung nodules

via a phantom experiment.
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Fig. 1. The schematic geometry for the acquisition of BCI bi-plane image pairs at 0 (PA) and —6 degrees
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2. MATERIALSAND METHODS
1. Image acquisition

This study was performed based on images acquired from an anthropomor phic chest phantom (RSD, Inc., Long Beach, CA).
The phantom was superimposed with 16 additional nodule phantoms of 8 different sizes made of Teflon emulating the
appearance of subtle tissue-equivalent lesionsin chest radiographs (4-11 mm in diameter) with a physical density within a
0.95-1.1 g/cm® range (Samei 1997). Table1 liststhediameter, thickness, and contrast characteristicsof the nodule phantoms.
As the nodule phantoms were placed on the back of the chest phantom in PA acquisition geometry, they were magnified by
about 20%to 5-13 mmin diameter. Four small fiducial markerswere also added at four corners of the phantom for verifying
the acquisition geometry. The supplemented phantom wasimaged using a conventional PA geometry with aflat-pand digital
radiographic system (GE, XQ/i). The exact locations of the noduleswere recorded via an additional image with thelocations
of the nodules marked with fiducial markers (Fig. 2).

In addition to the PA view, by vertically adjusting the x-ray tube, the supplemented phantom was imaged using seven
additional projection orientations at —6°, -4°, -3°, +3°, +4°, +6°, and +12° (Fig. 1). The x-ray tube was moved between these
angular positions using a precise programmabl e tube mover (Fig. 3). The above acquisitionswere repeated with the 16 nodule
phantoms placed in a different arrangement configuration to allow superimposition of a given nodule against various local
anatomical backgrounds. A conventional kVp (120) and standard photo-timed exposure (mAs = 5) were used for the
acquisitions. The acquisitions were repeated with the supplemented phantom rotated 90 degrees to assess the utility of BCI
with horizontal (i.e. lateral) displacement of the x-ray tube in the two projections. Theimages were corrected for offset and
gain non-uniformitieswithout any additional image processing. Thetotal of 32 projection images (8 projectionsx 2 nodule
configurations x 2 orientations) were stored el ectronically.

Table 1 illugtrates the realization of the nodule phantomsin one of the PA radiographs. Asevident in theillustration, the
lesions were extremely subtle and most of them were bel ow the size considered the threshold of detectability, 10 cm, on chest
radiographs, 10 mm (Kundel 1981).

All the acquired oblique imageswere paired with a corresponding O degree/ PA image to beused for determining the optimum
acquisition geometry as described below. In the acquired image set, therelative angular separation of any oblique view from
the corresponding PA view was verified by correlating the coordinates of the four fixed fiducial markers placed at thecorners
of theimage area. Theresults showed excellent geometrical accuracy, with sub-mm precision for geometrical correlation of
anatomical features. For each image, atruth file was also generated from the known location of the nodule phantomsto be
used for evaluating the performance of the CAD algorithm described bel ow.

Table 1. The characterigtics of the nodule phantoms. The diameters were 20% higher in the imaging plane because of
magnification. The estimated peak contrasts were determined from the maximum thickness of the phantoms, an assumed
scatter-to-primary ratio of 0.68, and an effective linear attenuation coefficient of 0.045126 mmi‘as defined in Samei et al.
(Samei 1997) and estimated for a 0.5 mmthick Csl detector using the xSpect x-ray simulation routine.

Diameter (mm) 3.9 55 5.0 78 7.0 9.3 8.4 11.0
Maximum 1.52 212 2.36 3.00 3.35 3.56 3.95 4.27
thickness (mm)

Estimated peak

contrast. db/E (%) 41 5.7 6.3 8.1 9.0 9.6 10.6 11.5
Emulated peak

physical density 0.95 0.95 1.1 0.95 11 0.95 11 0.95
(g/em?)

Nodul e appearance

286  Proc. of SPIE Vol. 5030



Fig. 2. A PA chest image with the location of the added Fig. 3: The tube mover used to acquire
the nodules marked with fiducial markers bi-plane data.

2. Single-view CAD

A single-view CAD algorithm has been under devel opment at our research laboratory. The acquired phantom imageswere
processed by the algorithm and the results were used as input to the BCI scheme described in the next section.

The CAD algorithm consisted of four stages: A) image preprocessing, B) filtration, C) suspicious region localization, D)
feature extraction, and D) classification/false positive reduction. At the image preprocessing stage, the images were first
inverted and then converted to a logarithmic scale.  The lung fields were segmented via hand-drawn outlines, a
segmentation step expected to be automated in the next version of the algorithm. The image preprocessing stage also
included a background regularization process via unsharp-masking (USM) or local histogram equalization (LHE)
(Gonzalez 1993). USM suppresses low-frequency background information while emphasizing the high-frequency content
of an image. Subtracting a low-pass filtered version of the original image enhances the high-frequency content and
corrects for non-uniformitiesin the background, therefore potentially raising the detectability of thenodules. Alternatively,
LHE is able to accentuate local details while preserving the overall, or low-frequency, structure of the image, leading to
increased local contrast. The USM processing was applied according to 1(x,y) = A.O(x,Y)-L[O(x,y)], where I(x,y) is the
new image, O(x,y) istheoriginal image, Aisascalarin[0, 1], and L isalow-pass rectangular averagefiltering operator. In
the LHE process, each pixel in the original image was transformed into a new pixel by 1(x,y) = A(XY).[O(Xy)-
m(x,y)] + m(x,y), where A(x,y) = kM/a(x,y), M represents the global mean of theimage, kisascalar in [0, 1], and o(x,y) and
m(X,y) arethe local standard deviation and local mean of pixelsin a kernel/window around (X, y). In this study, the kernel
sizes for this operator were varied between 28 and 52 mm for afixed A= k=0.5.

After pre-processing, the images were filtered for enhancing nodule-like features within the images. Since it has been
demonstrated that lung nodules generally follow a Gaussian-like profile (Samei 1997), a Difference Of Gaussian (DOG)
filter was used (Zheng 1995). Two DOG filters were utilized with two different combinations of the standard deviation
widths of the two defining Gaussian components, 8/4 or 8/2 mm. These particular combinations were sel ected based on an
iterative empirical approach for best performance. The kernel size of the DOG and the kernedl size of the preprocessor were
always chosen to be equal. The DOG filter was applied using the normalized cross-correlation (NCC) method (Gonzal ez
1993, Carreira 1998, Penedo 1998). Unlike conventional cross-correlation, NCC is amplitude independent, and thus
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suitable to the widely varying background of chest images. The output of the filtration was an image with values ranging
between —1 and +1, with the extremes corresponding to the perfect mismatch or match of the original imageto the targeted
DOG prdfile, respectively.

The filtered images were further processed to identify suspicious nodule locations via a multi-level thresholding procedure.
In this procedure, regions were identified at eleven gray level thresholds. As the threshold levels progress, some of the
regions would grow and merge with their neighbors. The final set of suspicious regions was determined by extracting the
suspicious regions at the threshold level before they merged with another region.

Finally, from each of the suspicious regions, twelve features were extracted. These features included area, eccentricity,
major axis length, minor axis length, convex area (the area of the convex hull), equivalent diameter (diameter of thecircle
that has an area equal to that of the region), orientation, the filled region (the area of the region including internal voids),
Euler number (the number of objects in the region minus the number of holes in those objects), solidity (the area of the
region divided by area of the convex hull), and extent (the area of the region divided by area of the bounding box - smallest
enclosing rectangle). To classify the suspicious regions as being nodules or nonnodules, a multistep linear classifier was
employed. Specifically, each pair of extracted features was combined via Fisher’s linear discriminant (Nadler 1993), and
classification decisions were made. The thresholds on the classification outputs were empirically determined so as to
minimize the number of true positives eliminated. Once each pair of features was compared and classification decisions
were made, all decisions were logically “ANDed” to make the final classification decision. Round-robin training and
testing was employed in the classification procedure.

The ground truth was specified by binary images that indicated the location and sizes of the true lesions in theimages. A
nodule was counted as being “hit” when any part of the suspicious region fell within 5 mm of the centroid of the true
lesion.

Fig. 4: A PA (left) and —3° oblique (right) radiograph of the chest phantom. The fiducial markers mark the center of true
lesions, while the bright areas are suspect lesionsidentified by single-view. In single-view CAD, a TP isregistered if any
area of the CAD “idand” iswithin a 5 mmradius of the true lesion. Inthe BCI scheme, a TP isregistered whena TP in
the PA view coincides/correlates with a suspect lesion in the oblique view based on the known angular separation of the
two views. If a FP in the PA view correlates with a suspect lesion (true or false) in the other view, the suspect lesion is
considered a FP in the BCI scheme.
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3. BCI detection scheme

The single-view CAD algorithm described above was supplemented with a bi-plane correlation routine. In BCI, the
geometrical correlation of the detected signalsin the two views of a bi-planeimage pair datais examined in order to detect
subtle lung nodules with a high-sensitivity while minimizing the number of false-positives by applying a geometrical
correlation rule. In theroutine, the PA image was used asthe referenceimage. For each suspected region in the PA image,
the known angular separation between the PA and an oblique image was used to locate the possible location where the
geometrically-shifted image of the candidate nodule might expected to appear in the oblique view depending on nodule's
location within the thoracic cavity (Fig. 4).

To take into account the shift in the location of the suspect regions due to overlapping thoracic structure, a margin
parameter defined a degree of tolerance from the perfect geometrical correlation between the two views in the horizontal
and vertical directions. The resultant rectangular mask had a width equal to twice the margin size, and alength equal to
maximum possible displacement based on angular separation plus the margin size. If a suspect region was identified
within the mask, the original suspect region in the PA view was scored as positive.  If more than one suspect region was
found within the mask, only one of them was counted. A true-positive wasindicated when a correlated suspect region pair
corresponded to a true-positive in the PA view. Otherwise the correlated pair was registered as fal se-positive.

Additional correlation rules were also applied based on the closenessin the area and the eccentricity of suspect lesion pairs
calculated from an area correlation index or an eccentricity correlation index defined as 2|Apa-Aoull/(ApatAagn) OF 2|Xpa-
Xonif (Xpat+Xon) Where A and X arethe area and eccentricity, respectively. A pair of suspect lesionswasregistered as FP if
their associated indices fell outside of specific thresholds.

Table 2: Performance of the single-view CAD as a function of processing parameters averaged over all the acquired
images.

DOG filter Pre-processing  Preprocessing Sensitivity

size method kernel size, mm (%) FP PPV
28 76.76 100.4 0.109

None 36 74.22 56.0 0.175

44 72.46 32.1 0.266

28 84.57 20.3 0.400

8/4 mm LHE 36 80.08 23.7 0.351
44 77.15 23.4 0.345

28 84.18 64.6 0.172

usMm 36 78.71 38.0 0.249

44 75.78 20.2 0.375

28 85.55 117.9 0.104

None 36 82.03 80.4 0.140

44 81.64 56.4 0.188

28 90.82 48.6 0.230

8/2 mm LHE 36 88.48 40.2 0.261
44 84.96 36.7 0.271

28 90.62 85.2 0.145

UsMm 36 86.13 69.1 0.166

44 83.98 52.1 0.205

4. BCI evaluation
The acquired phantom images were processed using the CAD and BCI processing schemes described above. Each oblique

view projection image was paired with its corresponding PA radiograph. The results were analyzed to find the best
processing and acquisition parameters for optimum performance. The independent parameters were the following:
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Fig. 5: Variation in percent correct (sensitivity), false positive rate, and PPV of BCI
(left column) and of BClI compared to single-view CAD (BCI/CAD ratio, right
column) as a function of vertical displacement angle and pre-processing kernel size
(LHE pre-processing, 8/4 mm DOG) (no area or eccentricity correlation rule).
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1. Angular separation (-6
to 12 degrees)

2. Displacement  orient-
ation (horizontal and
vertical)

3. CAD pre-processing
method (USM, LHE,
and none)

4. CAD pre-processing and
DOG kernd size (28,
36, 44, and 52 mm)

5. Standard deviations of
the DOG filter (8/4 mm
and 8/2 mm)

6. Corrdation margin size
(2-10 mm)

7. Area correlation index
(0-2)

8. Eccentricity correlation
index (0-2)

The optimization/evaluation of
these parameters was
performed based on six figures
of merit:

1. Percent correct (PC)
when using BCI as the
ratio of true positives to
true positives plus false
negatives

2. Fase postives per
image (FP) when using
BCI

3. Positive predictive value
(PPV) when using BCI

4. The relative
improvement of the PC
when using BCI reative
to singleview CAD
(PCr)

5. The relative
improvement of the FP
when using BCI reative
to singleview CAD
(FPY)

6. The relative
improvement of the PPV
when using BCI relative
to singleview CAD
(PPVT)

In order to identify the
optimum st of processing
parameters, the figure of merit
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results were initially scanned
for optima across the ranges of
influencing processing
variables, identifying initia
parameter values that yield the
best results. Fixing the
variables at those specific
values, the figures of merit
were then examined at each
acquisition angle across each
single variable. The values of
the fixed parameters were then
iteratively changed until the
optimum parameter
combinations were found.

In addition to the computer
analysis of the images, the 16
vertical displacement images
were read by an experienced
chest radiologist who was
asked to identify any suspect
extremely subtle lesions in the
images. The performance of
the radiologist was used as a
benchmark for the subtlety of
the lesions. The observer's
PC, FP, and PPV, averaged
over all 16 images, were
compared to the corresponding
figures from the BCI and from
the single-view CAD to assess
the relative merit of BCI and
the advantage of utilizing
image data from a second
view.

3. RESULTS

The single-view CAD showed
notable variability as a
function of processing
parameter.  The senstivity,
false positive, and positive
predictive figures, averaged
over al images, are listed in
Table 2. There was a general
tradeoff between sensitivity
and false podtives, as
parameters leading to higher
sensitivity also generated a
larger  number of fase
positives. The  best
combination of parameters (8/4
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Fig. 7. Variation in percent correct (sensitivity), false positive rate, and PPV of BCI

(left column) and of BCI compared to single-view CAD (BCI/CAD ratio, right
column) as a function of vertical displacement angle and correlation area margin in
mm (no pre-processing, 44 mm kernel size, 8/4 DOG, no area or eccentricity

correlation rule). Optimal parameters are marked with two circles.
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mm DOG, LHE, 28 mm)
provided 85% sensitivity at 20
false-positives per image for a
PPV of 0.4. Clearly this level
of performance is insufficient
for a conventional clinical
CAD implementation.  This
performance, however, exceeds
what is expected from a single-
view CAD algorithm without
more  sophisticated  false-
positive reduction strategies,
given the subtly of the lesions
under consideration.
Furthermore, operating at a
high sensitivity/FP region, the
BCl scheme was specifically
designed to reduce the number
of fase-positives via its
geometrical correlation rule.
Nevertheless, research is in
progress to further improve the
performance of our single-view
CAD with additional false
positive reduction methods.

Even though some of the
processing parameters
combinations exhibited better
performance in single-view
CAD processes, it was unclear
which  ones might yield
optimum BCl performance.
Thus all the combinations of
CAD processing parameters
were considered for the BCI
processing. In terms of pre-
processing, Fig. 5illustratesthe
dependency of the BCI
performance on the kernel size
(for LHE pre-processing) at al
the examined oblique
acquisition angles. The results
clearly indicate that the BCI
scheme reduces the sensitivity
and FP of the singleview
CAD. However,  the
corresponding reduction in FPs
is notably higher leading to an
improvement in PPV,
regardiess of the kernd size
and the acquisition angle. The
results further suggest that a
kernd size of 44 mm provides
better overall performance in
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Fig. 8: Variation in percent correct (sensitivity), false positive rate, and PPV of BCI
(left column) and of BCI compared to single-view CAD (BCI/CAD ratio, right
column) as a function of vertical displacement angle and area correlation index (no
pre-processing, 44 mmkernel size, 8/4 mm DOG, 6 mm correlation margin).

terms of the PPV and PPV
improvement.

Fig. 6 similarly illustrates the
BCI performance as a function
of DOG filter size and pre-
processing method for a fixed
44 mm kernd size. Theresults
indicate that 8/4 mm DOG
filter size provides better
performance, a finding
consistent with the single-view
CAD results of Table 2
However, no pre-processing of
the images proves to provide a
better performance for the BCI
method, as opposed to the LHE
pre-processing, which was
found optimum for single-view
CAD (Table 2).

Basing the follow-up analysis
on no pre-processing method,
Fig. 7 illustrates the impact of
the correlation margin size on
performance. As the margin
sizeincreases from a restrictive
2 mm vaue, both senstivity
and the number of FPs
increases. Aiming to maintain
a sensitivity higher than 60%,
optimum performance, in terms
of both the BCI performance
aone, and the rdative
improvement with respect to
singleview CAD, is exhibited
at amargin size of 4-6 mm at —
3° acquisition angle. Beyond 4-
6 mm margin size, the number
of false positives increases at a
faster rate leading to a
reduction in the PPV. The
optimal regions are marked in
thefigure.

Basing the follow-up analysis
on 6 mm correlation margin
size, Fig. 8 illustrates the
impact of imposing additional
area correlation rule on the
results. Theresults suggest that
addition area  correlation
reduces both sensitivity and
FPs with similar rate without
causing any improvement in
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the PPV. Similar results were
obtained when applying an
addition eccentricity rule.

The results for horizontal
displacement exhibited similar
dependencies, except that the
best performance was provided
by USM processing (with 44
mm kernel size and 8/4 DOG).
Fig. 9 illustrates the horizonta
displacement results for this
parameter combination as a
function of correlation margin
size and displacement angle.
Again, aiming to maintain a
sensitivity higher than 60%,
optimum performance, in terms
of both the BCI performance
aone, and the reative
improvement with respect to
single-view CAD, was
exhibited for a margin size of
46 mm at +6° acquisition
angle. Similar to vertica
displacement  results, the
horizontal results did not show
any improvement in the PPV
with the additional area or
eccentricity correlation rules.

Taking into account all the
dependencies described above,
the optimum oblique view for
the acquisition angle appeared
to be at around -3° vertica
displacement or +6° horizontal
displacement, 8/4 mm DOG, 4-
6 mm margin size, and no area
or eccentricity correlations.
Table 3 provides the actual
figures of merit for the
optimum performance of the
BClI method. The summary
results show that vertica
displacement yidds better
results. Furthermore, breaking
the lesions into small (4.7-8.7
mm) and large (8.7-13.3 mm)
sizes indicate that the percent
improvement compared to
single-view CAD is higher for
smaller lesions.



Using the optimum geometry (0/—3° vertical displacement) and processing parameters, BCI resultsin 62.5% sensitivity, 1.5
FP/image, and 0.885 PPV. The corresponding values from the observer experiment were 56%, 10.8, and 0.45,
respectively. Compared to single-view CAD results, the BCI reduced sensitivity by 20%. However, the corresponding
reduction in FPs was notably higher (94%) leading to 140% improvement in the PPV. Adjustment in the processing
parameters could yidd higher sensitivity at the expense of higher FPs.

4. DISCUSSION

Currently, no radiologic screening program exists for early detection of lung cancer. Early detection presently relies on
chest radiography examinations performed on asymptomatic patients for other diagnostic purposes. There have been
studies that favor using chest radiography as a screening tool (Shimizu 1992, Brett 1969). However, the usefulness of such
a screening program for lung cancer has been questioned based upon its ineffectiveness either in diagnosis (Gurney 1995)
or in changing the mortality rate once the cancer is diagnosed (Fontana 1991). If lung nodules could bereliably detected in
earlier stages of lung cancer, a screening program could be justified. Apart from low-dose CT, which is currently under
investigation, current radiologic technology is unable to either visually or computationally (i.e., using CAD) image/detect
lung nodules at a sufficiently early stage without generating a large number of false positives. The percentage of false-
positive diagnoses unfavorably affects the predictive value of a screening program, especially when the prevalence of the
disease is low (Kundd 1981). CT can surpass many of the limitation of chest radiography in imaging lung cancer
(Henschke 1999). However, its utilization as a screening method raises economical (cost and technology availability),
patient care (e.g., over-treatment), and epidemiological (e.g., patient dose) issues.

BCI is a new imaging technique that has not been investigated in the past. The phantom-based findings reported in this
paper, the first public report of the technique, suggest significant potential of BCI to surpass the fundamental anatomical
noise limitations of chest radiographic imaging and chest CAD and to improve the early detection of subtle lung nodules.
A more sensitive and specific diagnostic approach for smaller lesions (4-11 mm diameter unmagnified sizein this study),
BCI hasthe potential to change the current state of practice, perhaps|eading to a preventivelung cancer screening program
for high-risk populations. The cost associated with the technology is minimal, and thus it can be implemented cost-
effectively at doses comparable to chest radiography.

These findings of this study require further important validations. An open issueisthe sengitivity of the BCI performance
to theinitial performance level of the single-view CAD algorithm. We intend to test the BCl scheme using different CAD
algorithms, algorithms with more aggressive FP reduction strategies, and an iteratively combined dual-view CAD scheme.
In terms of acquisition, plans are underway to assess the sensitivity of the BCI performance to exposure, potentially
reducing the total exposure to that of a single PA chest exam. Finally, the performance of the technique should be
measured on human subjects with confirmed lung nodules, with additional strategiesto minimize possible motion artifacts.

Table 3: The optimal performance of the BCI for lesions within various size ranges for vertical and horizontal
displacement of the x-ray tube. The vertical displacement images were processed with no preprocessing, 44 mm kernel
size, and 8/4 mm DOG. The horizontal displacement images were processed with USM pre-processing, 44 mmkernel size,
and 8/4 mm DOG.

0/-3° Vertical Displacement 0/+6° Horizontal Displacement
5-13 mm 5-9mm 9-13 mm 5-13 mm 5-9mm 9-13 mm
Margin 4 mm 6 mm 4 mm 6 mm 4 mm 6 mm 4 mm 6 mm 4 mm 6 mm 4 mm 6 mm
BCI PC 625% 656% 625% 68.8% 625% 625% 625% 68.8% 68.8% 81.3% 56.3%  56.3%
BCI FP 15 20 15 20 15 20 25 45 25 4.5 25 45
BCI PPV  0.885 0.867 0.833 0.818 0.786 0.750 0.802 0.708 0.691  0.591 0.646 0.500
PCr 0.801 0.840 0.929 1.000 0.708 0.708 0.798 0.878 0.786  0.929 0.817 0.817
FPr 0.058 0.077 0.058  0.077 0.058 0.077 0.108 0.191 0108 0.191 0.108 0.191
PPVr 2.404 2.350 4.322  4.250 3.149 2.959 2.319 2038 3.014 2.565 3.459 2.630
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