wo 2017/011532 A1 |1 NN OO0 OO0 O AR

(43) International Publication Date

(12) INTERNATIONAL APPLICATION PUBLISHED UNDER THE PATENT COOPERATION TREATY (PCT)

(19) World Intellectual Property Ny
Organization é
International Bureau -,

=

\

(10) International Publication Number

WO 2017/011532 Al

(51

eay)

(22)

(25)
(26)
(30)

1

19 January 2017 (19.01.2017) WIPOIPCT
International Patent Classification: (72)
GO6F 19/24 (2011.01) GO6T 7/60 (2006.01) 71)
A61B 6/03 (2006.01) GOIN 33/574 (2006.01)
GO6K 9/34 (2006.01)
International Application Number:

PCT/US2016/042055

International Filing Date:

13 July 2016 (13.07.2016)
Filing Language: English
Publication Language: English
Priority Data:
62/191,834 13 July 2015 (13.07.2015) US

Applicant (for all designated States except US): THE
TRUSTEES OF COLUMBIA UNIVERSITY IN THE
CITY OF NEW YORK [US/US]; Office of the General
Counsel, 412 Low Memorial Library, Mail Code 4308, 535
West 116th Street, New York, New York 10027 (US).

(74

(8D

(84)

Inventors; and

Applicants (for US orly): LU, Lin [CN/US]; 78-36, 46th
Avenue, Apt. 4A, Elmhurst, New York 11373 (US).
ZHAOQ, Binsheng [US/US]; 110-11 Queens Blv. Apt. 8L,
Forest Hills, New York 11375 (US). SCHWARTZ,
Lawrence H. [US/US]; 150 East 69th Street Apt 4N, New
York, New York 10065 (US).

Agents: MOLINELLI, Eugene J. et al.; P.O. Box 231,
Manassas, Virginia 20108 (US).

Designated States (uniess otherwise indicated, for every
kind of national protection available). AE, AG, AL, AM,
AO, AT, AU, AZ, BA, BB, BG, BH, BN, BR, BW, BY,
BZ, CA, CH, CL, CN, CO, CR, CU, CZ, DE, DK, DM,
DO, DZ, EC, EE, EG, ES, FI, GB, GD, GE, GH, GM, GT,
HN, HR, HU, ID, IL, IN, IR, IS, JP, KE, KG, KN, KP, KR,
KZ, LA, LC, LK, LR, LS, LU, LY, MA, MD, ME, MG,
MK, MN, MW, MX, MY, MZ, NA, NG, NI, NO, NZ, OM,
PA, PE, PG, PH, PL, PT, QA, RO, RS, RU, RW, SA, SC,
SD, SE, SG, SK, SL, SM, ST, SV, SY, TH, TJ, TM, TN,
TR, TT, TZ, UA, UG, US, UZ, VC, VN, ZA, ZM, ZW.

Designated States (uniess otherwise indicated, for every
kind of regional protection available): ARIPO (BW, GH,

[Continued on next page]

(54) Title: PROCESSING CANDIDATE ABNORMALITIES IN MEDICAL IMAGERY BASED ON A HIERARCHICAL CLAS-
SIFICATION

§221

(57) Abstract: Techniques are provided for automated detection and pro-

FIG. 2 200

OBTAIN DATA INDICATING A SET OF IMAGES REPRESENTING
ACCRRESPONDING SUCCESSION OF CROSS SECTIONS OF A SUBJECT

N T PASSES Y
'SCREENING CRITERIA?
203

}201

DETERMINE
CANDIDATE NODULES

RETRIEVE NEXT
CANDIDATE NODULE

¥

2205 07

WHAT IS
ANATOMICAL LOCATION
CONTEXT?

5281

APPLY TESTS FOR
SMALL BALL-LIKE
NODULES BASED ON
PARAMETER VALUES
FROM TRAINING SET

APPLY TESTS
FOR SMALL
IRREGULAR

NODULES

APPLY TESTS
FOR LARGE
BALL-LIKE
NODULES

APPLY TESTS
FOR LARGE
IRREGULAR

N

N N
ASSTIC ALL? ASSTIC ALY

Y1243 Ylyfog Y |3 Ylyfoy

CLASSIFY CLASSIFY CLASSIFY
NODULE NODULE NODULE

293
m ANCTHER NODULE? @

CLASSIFY

Ro47
NODULE

}267

I
] o

CANDIDATE
NOTANODULE

cessing of abnormalities in medical imagery. The techniques include de-
termining voxels involved with each of a plurality of candidate abnormal-
ities in a medical image. The techniques also include determining whether
a candidate abnormality belongs in one of multiple abnormality classes
based at least on anatomical location context, size, and shape by success-
ively subjecting the candidate abnormality to hierarchical tests for ana-
tomical context, size range based on anatomical context, and shape para-
meter value range based on anatomical context and size range. The tech-
niques include rejecting a candidate abnormality that does not fall into
any one of the abnormality classes. The techniques also include present-
ing on a display device a property of the candidate abnormality based on
the abnormality class to which the candidate abnormality belong.
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PROCESSING CANDIDATE ABNORMALITIES IN MEDICAL IMAGERY
BASED ON A HIERARCHICAL CLASSIFICATION USING
ANATOMICAL LOCATION AND CHARACTERISTICS OF CANDIDATES

CROSS-REFERENCE TO RELATED APPLICATION
[0001] This application claims benefit of Provisional Appln. 62/191,834, filed July 13, 2015,
the entire contents of which are hereby incorporated by reference as if fully set forth herein,

under 35 U.S.C. §119(e).

BACKGROUND
[0002] Automated detection of nodules in medical images becomes critical for cancer
screening and early identification of cancer metastasis and determining efficacy of cancer
treatment. A visible nodule is a structure in an organ that has different intensity values to
those of the organ in medical imagery such as magnetic resonance imagery (MRI) and
computed tomography (CT) x-ray imagery. Performing nodule detection by human analysts
suffers because the human can become tired and lose focus when screening a large number of
images. Additionally, the accuracy of manual nodule detection depends on radiologists’
reading skills, which varies among individual radiologists. Automated computer-aided
detection methods, once trained by expert radiologists, can tirelessly provide fast and

objective nodule detection results.

SUMMARY
[0003] Techniques, including a method, a system and a computer-readable medium, are
provided for automated detection and processing of tissue abnormalities, such as nodules, in
medical imagery. The techniques include determining voxels involved with each of a
plurality of candidate nodules in a medical image. The techniques also include determining
whether a candidate nodule belongs in one of multiple nodule classes based at least on
anatomical location context, size, and shape by successively subjecting the candidate nodule
to hierarchical tests for anatomical context, size range based on anatomical context, and
shape parameter value range based on anatomical context and size range. The techniques
include rejecting a candidate nodule that does not fall into any one of the nodule classes. The
techniques also include presenting a property of the candidate nodule on a display device

based on the nodule class to which the candidate nodule belongs.
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[0004] Still other aspects, features, and advantages are readily apparent from the following
detailed description, simply by illustrating a number of particular embodiments and
implementations, including the best mode contemplated for carrying out the invention. Other
embodiments are also capable of other and different features and advantages, and its several
details can be modified in various obvious respects, all without departing from the spirit and
scope of the invention. Accordingly, the drawings and description are to be regarded as

illustrative in nature, and not as restrictive.

BRIEF DESCRIPTION OF THE DRAWINGS
[0005] Embodiments are illustrated by way of example, and not by way of limitation, in the
figures of the accompanying drawings in which like reference numerals refer to similar
elements and in which:
[0006] FIG. 1A is a block diagram that illustrates an imaging system for tissue detection,
according to an embodiment;
[0007] FIG. 1B is a block diagram that illustrates scan elements in a 2D scan, such as one
scanned image from a CT scanner;
[0008] FIG. 1C is a block diagram that illustrates scan elements in a 3D scan, such as
stacked multiple scanned images from a CT imager or true 3D scan elements from volumetric
CT imagers or ultrasound;
[0009] FIG. 2 is a flow chart that illustrates an example method to classify candidate nodules
based on a hierarchical series of tests for anatomical location context, size and shape,
according to an embodiment;
[0010] FIG. 3 is a block diagram that illustrates a computer system upon which an
embodiment of the invention may be implemented;
[0011] FIG. 4 illustrates a chip set upon which an embodiment of the invention may be
implemented;
[0012] FIG. 5 is a plot that illustrates an example distribution of lung nodule sizes in a data
set used to demonstrate the method of FIG. 2, according to an embodiment;
[0013] FIG. 6A through FIG. 6C are flow charts that illustrate an example of the method of
FIG. 2 implemented for lung nodules, according to an embodiment;
[0014] FIG. 7A through FIG. 7F are images that illustrate six example types of nodules

processed by a peripheral-nodule detector, according to an embodiment;
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[0015] FIG. 8A through FIG. 8C are images that illustrate three example types of nodules
processed by a chestwall-nodule detector, according to an embodiment;

[0016] FIG. 9A through FIG. 9D are images that illustrate four example types of nodules
processed by a mediastinum-nodule detector; according to an embodiment;

[0017] FIG. 10A through FIG. 10E are images that illustrate example results from various
processing steps, according to an embodiment;

[0018] FIG. 11 is an image that illustrates an example scaled geodesic distance map resulting
from one step of a classification process, according to an embodiment;

[0019] FIG. 12 is a table that illustrates example node features, according to an embodiment;
[0020] FIG. 13A and FIG. 13B are free-response receiver operating characteristic (FROC)
curves that illustrate example performance of the method on a training set and testing set,
respectively, according to an embodiment;

[0021] FIG. 14A and FIG. 14B are FROC curves that illustrate example performance of the
method on a training set and testing set, respectively, using different diameter thresholds,
according to various embodiments; and

[0022] FIG. 151A and FIG. 15B are FROC curves that illustrate example performance of the
method on a training set and testing set, respectively, using different sphericity thresholds,

according to various embodiments.

DETAILED DESCRIPTION
[0023] A method and apparatus are described for automatic detection and processing of
tissue abnormalities, such as nodules, in medical imagery. In the following description, for
the purposes of explanation, numerous specific details are set forth in order to provide a
thorough understanding of the present invention. It will be apparent, however, to one skilled
in the art that the present invention may be practiced without these specific details. In other
instances, well-known structures and devices are shown in block diagram form in order to
avoid unnecessarily obscuring the present invention.
[0024] Notwithstanding that the numerical ranges and parameters setting forth the broad
scope are approximations, the numerical values set forth in specific non-limiting examples
are reported as precisely as possible. Any numerical value, however, inherently contains
certain errors necessarily resulting from the standard deviation found in their respective
testing measurements. Unless otherwise clear from the context, a numerical value presented

herein has an implied precision given by the least significant digit. Thus a value 1.1 implies a

3-
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value from 1.05 to 1.15. The term “about” is used to indicate a broader range centered on the
given value, and unless otherwise clear from the context implies a broader range around the
least significant digit, such as “about 1.1” implies a range from 1.0 to 1.2. If the least
significant digit is unclear, then the term “about” implies a factor of two, e.g., “about X”
implies a value in the range from 0.5X to 2X, for example, about 100 implies a value in a
range from 50 to 200. Moreover, all ranges disclosed herein are to be understood to
encompass any and all sub-ranges subsumed therein. For example, a range of "less than 10"
can include any and all sub-ranges between (and including) the minimum value of zero and
the maximum value of 10, that is, any and all sub-ranges having a minimum value of equal to
or greater than zero and a maximum value of equal to or less than 10, e.g., 1 to 4.

[0025] Some embodiments of the invention are described below in the context of lung
nodules. However, the invention is not limited to this context. In other embodiments the
method is used to detect nodules, or other tissue abnormalities, in other organs and tissues,

such as in the brain, liver, intestines, muscles or connective tissue.

1. Structural Overview

[0026] FIG. 1A is a block diagram that illustrates an imaging system 100 for tissue detection,
according to an embodiment. The system 100 is designed for determining the spatial
arrangement of soft target tissue in a living body. For purposes of illustration, a living body is
depicted, but is not part of the system 100. In the illustrated embodiment, a living body is
depicted in a first spatial arrangement 132a at one time and includes a target tissue in a
corresponding spatial arrangement 134a. At a different time, the same living body is in a
second spatial arrangement 132b that includes the same or changed target tissue in a different
corresponding spatial arrangement 134b.

[0027] In the illustrated embodiment, system 100 includes a scanning device 140, such as a
full dose X-ray computed tomography (CT) scanner, or a magnetic resonance imaging (MRI)
scanner, among others, such as magnetic resonance spectral imaging (MRSI) scanner and
ultrasound scanner,. In some embodiments, the scanning device 140 is used at one or more
different times. The device 140 is configured to produce scanned images that each represents
a cross section of the living body at one of multiple cross sectional (transverse) slices
arranged along the axial direction of the body, which is oriented in the long dimension of the

body.
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[0028] In system 100, data from the imager 140 is received at a computer 160 and stored on
storage device 162. Computer systems and storage devices like 160, 162, respectively, are
described in more detail below with reference to FIG. 3 and FIG. 4. Scan data 180a, 180b,
190a, 190b based on data measured at imager 140 at one or more different times or axial
locations or both are stored on storage device 162. For example, scan data 180a and scan data
180b, which include scanned images at two slices separated in the axial direction, is stored
based on measurements from scanning device 140 at one time. Scan data 190a, 190b, which
include scanned images at two slices separated in the axial direction, is stored based on
measurements from scanning device 140 at a different time.
[0029] In various embodiments, a tissue and abnormality detection process 150 operates on
computer 160 to determine a boundary between scan elements of scan data which are inside
and outside a particular target tissue or tissue abnormality. The boundary data is stored in
boundary data 158 in associations with the scan data, e.g., scan data 180a, 180b, 190a, 190b.
[0030] Although processes, equipment, and data structures are depicted in FIG. 1A as
integral blocks in a particular arrangement for purposes of illustration, in other embodiments
one or more processes or data structures, or portions thereof, are arranged in a different
manner, on the same or different hosts, in one or more databases, or are omitted, or one or
more different processes or data structures are included on the same or different hosts. For
example, although system 100 is depicted with a particular number of scanning devices 140,
computers 160, and scan data 150, 160 on storage device 162 for purposes of illustration, in
other embodiments more or fewer scanning devices, computers, storage devices and scan data
constitute an imaging system for determining spatial arrangement of tissues, including cells.
[0031] FIG. 1B is a block diagram that illustrates scan elements in a 2D scan 110, such as
one scanned image from a CT scanner. The two dimensions of the scan 110 are represented
by the x direction arrow 102 and the y direction arrow 104. The scan 110 consists of a two
dimensional array of 2D scan elements 112 (also called picture elements, pixels, in case the
data are displayed as an image on a display device) each with an associated position.
Typically, a 2D scan element position is given by a row number in the x direction and a
column number in the y direction of a rectangular array of scan elements. A value at each
scan element position represents a measured or computed intensity or amplitude that
represents a physical property (e.g., X-ray absorption, or resonance frequency of an MRI
scanner) at a corresponding position in at least a portion of the spatial arrangement 132a,
132b of the living body. The measured property is called amplitude hereinafter and is treated
-5-
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as a scalar quantity. In some embodiments, two or more properties are measured together at a
pixel location and multiple amplitudes are obtained that can be collected into a vector
quantity, such as spectral amplitudes in MRSI. Although a particular number and
arrangement of equal sized circular scan elements 112 are shown for purposes of illustration,
in other embodiments, more elements in the same or different arrangement with the same or
different sizes and shapes are included in a 2D scan.

[0032] FIG. 1C is a block diagram that illustrates scan elements in a 3D scan 120, such as
stacked multiple scanned images from a CT imager or true 3D scan elements from volumetric
CT imagers or MRI or ultrasound (US) imagers. The three dimensions of the scan are
represented by the x direction arrow 102, the y direction arrow 104, and the z direction arrow
106. The scan 120 consists of a three dimensional array of 3D scan elements (also called
volume elements and abbreviated as voxels) 122 each with an associated position. Typically,
a 3D scan element position is given by a row number in the x direction, column number in
the y direction and a scanned image number (also called a scan number) in the z (axial)
direction of a cubic array of scan elements or a temporal sequence of scanned slices. A value
at each scan element position represents a measured or computed intensity that represents a
physical property (e.g., X-ray absorption for a CT scanner, or resonance frequency of an MRI
scanner) at a corresponding position in at least a portion of the spatial arrangement 132a,
132b of the living body. Although a particular number and arrangement of equal sized
spherical scan elements 122 are shown for purposes of illustration, in other embodiments,
more elements in the same or different arrangement with the same or different sizes and
shapes are included in a 3D scan. A 3D scan repeated in time, as the fourth dimension,
provides a 4D scan of a single subject.

[0033] The term voxels is used herein to represent either 2D scan elements (pixels) or 3D
scan elements (voxels), or 4D scan elements, or some combination, depending on the context.
[0034] Amplitude is often expressed as one of a series of discrete gray-levels, given in

Hounsfield units (HU) for x-ray CT scans.

2. Method Overview

[0035] FIG. 2 is a flow chart that illustrates an example method 200 to classify candidate
nodules based on a hierarchical series of tests for anatomical location context, size and shape,
according to an embodiment. Although steps are depicted in FIG. 2, as integral steps in a

particular order for purposes of illustration, in other embodiments, one or more steps, or

-6-
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portions thereof, are performed in a different order, or overlapping in time, in series or in
parallel, or are omitted, or one or more additional steps are added, or the method is changed
in some combination of ways. In example embodiments described in a later section, an
embodiment of the method 200 is applied to classifying lung nodules in CT scans. A means
for performing any or all of these steps includes the scanning device 140 depicted in FIG. 1A
or the computer systems or chip set as described below with reference to FIG. 3 and FIG. 4,
respectively, alone or in some combination.

[0036] In step 201, data is obtained that indicates a set of images. The set represents a
corresponding succession of cross sections of a subject, such as an animal or human patient,
e.g., from one or more MRI or CT scans. Any method may be used to obtain the set of
images, including collecting the images from a MRI or CT scanner, retrieving the images
from data storage either locally or remotely, either in response to a query or unsolicited, from
various files or a database. In step 203, each image is tested against one or more criteria for
using the images. These criteria ensure that at least some images of the set are suitable for the
analyses to follow. If not, control passes back to step 201 to obtain another set, or (not
shown) the process ends. For nodule identification and classification it is useful to have three
dimensional data with at least two voxels in each dimension for capturing nodules of about 3
millimeter (mm, 1 mm = 10° meters) diameter or larger. In step 203 it is determined if the
data set supports this kind of resolution. The criteria for the lung nodules are described in
more detail in the later section.

[0037] In some embodiments in which tuning of the parameters that are applied to navigate
the hierarchy of tests occurs for a particular organ, a fraction of the data set is separated into
a training set and another fraction is separated into a testing set. For the training set and
testing set, nodule or other abnormality identification by an expert is used to indicate which
abnormalities are to be identified and which are to be rejected.

[0038] In step 205 candidate abnormalities are determined, using any method known in the
art to identify voxels in one or more images that are candidates for being classified as an
abnormality, such as a nodule. In an illustrated embodiment, during step 205, images of the
set for one subject are interpolated to isotropic volumetric data. Then a target organ volume
is determined that includes several adjacent interpolated images from the same subject.
Within the organ volume, multi-scale enhancement filters of dot and line are applied to the
volumetric data. The output of dot and line enhancement filters are normalized and combined

into voxel clusters with properties indicted by the parameters Zc_dot and Zc_line. Candidate
-7-
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abnormalities are determined according to half-peak volumes of the voxel clusters. Half-peak
volume is defined as the number of voxels that have Zc_dot values larger than half of the
local maximal Zc_dot peak value. Half-peak volume is obtained by applying a threshold
ThrZc_dot = 0.02 to the output of dot filter of the target organ volume. Voxels with Zc_dot
values smaller than ThrZc_dot are regarded as noise and set as (; otherwise they are set as 1.
The cluster volumes are labeled using a region-growing algorithm. Within each labeled
volume, voxels with Zc_dot values smaller than half of the local peak Zc_dot value are
removed and the remaining voxels are selected to create the candidate abnormality. In some
embodiments, the candidate abnormalities are stored with their characteristic (e.g., voxel
coordinates, subject identifier, and cluster parameters) in data storage on one or more
computer systems or chip sets, as described in more detail later with reference to FIG. 3 and
FIG. 4.

[0039] The following steps 207 through 293 are repeated for each candidate nodule to test
the candidate nodule in a hierarchical set of operations, called nodes of a classification tree.
In each node, a node-specific set of conditions are evaluated and tested against node-specific
thresholds. A candidate abnormality that satisfies the node-specific thresholds of the node-
specific conditions is classified as an abnormality of that node; and, node-specific features are
extracted from the accepted abnormality. A candidate abnormality that does not satisfy the
node-specific threshold is passed on to the next node in the hierarchy. A candidate
abnormality that fails all the tests is rejected as not a true abnormality, .g., not an
abnormality of the type being sought, such as a nodule of a particular tissue.

[0040] In step 207, the next candidate abnormality is selected for classification, e.g.,
retrieved from storage on a computer system or chip set. In step 211, at the first level of the
hierarchy of tests, an anatomical location context is determined for the abnormality. For
example, it is determined whether a nodule is away from the boundaries of the organ, or, if at
a boundary, whether the candidate nodule is associated with or affected by a tissue type or
organ that shares the boundary with the candidate nodule. The result of step 211 is an
anatomical location context for the current candidate abnormality. For purposes of illustration
it is assumed that the anatomical location contexts considered for the current organ are
designated context A, context B, among others. For each context, a different set of
subsequent steps are taken, all analogous to the steps shown in FIG. 2 for context A. In the

example embodiment, three contexts are used for candidate lung nodules, “mediastinum” for

_8-
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candidate nodules attached to pulmonary vasculature; “chest wall” for candidate nodules
attached to a chest wall; and, “peripheral” for remaining candidate nodules.

[0041] In step 213 is determined whether the candidate abnormality is considered small in
the current context. In different contexts, the methods to determine the size of a candidate
abnormality differ and the thresholds to determine the difference between “small” and not
small (called “large” here) can also differ. For example, the way to determine the size of a
candidate nodule that is separate from a boundary might include the boundary and give a
wrong result if the same method is used in a different context at the boundary. In some
embodiments, more than two size thresholds are used to distinguish small from mid-sized and
mid-sized from large candidate abnormalities. The separation of candidate abnormality
processing by size is based on the observation that shape determinations are more difficult
with the smaller candidate abnormalities and subtle changes in shape may not be as
detectable as with larger candidate abnormalities. Thus the size test performed at step 213
depends on the context, in terms of either the processing of the candidate abnormality to
determine a size or in terms of the one or more thresholds that are first order parameters of
the method 200, or both. In some embodiments, the values for the first thresholds are based
on optimizing the performance of the method 200 using the training set and the testing set.
[0042] If the candidate abnormality is small according to step 213, then control passes to
step 215. Otherwise control passes to step 217. Both steps test for the shape of the nodule. In
different contexts and size ranges, the methods to determine the shape of a candidate
abnormality differ and the thresholds to determine the difference between “ball like” and not
ball-like (called “irregular” here) can also differ. A ball-like abnormality is spherical and
unattached to other tissues, whereas an irregular abnormality is not spherical or is attached to
other tissues, especially vessels, or both. Thus the shape tests performed at steps 215 and 217
depend on the context and size, in terms of either the processing of the candidate abnormality
to determine a shape (e.g., sphericity or blobness or both, as described in a later section for
candidate lung nodules) or in terms of the one or more shape thresholds that are first order
parameters of the method 200, or both. In some embodiments, the values for the thresholds
are based on optimizing the performance of the method 200 using the training set and the

testing set.
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[0043] Although the size test is shown as the second level of the hierarchy, and the shape test
as the third level of the hierarchy in FIG. 2, in other embodiments, the order is switched and
shape is in the second level and size is the third level, or one or more different characteristics,
such as intensity value or intensity gradient, is used as the second or third level or even
introduced in another level of the hierarchy above the leaf nodes level. In some embodiments,
the order of the properties used in the hierarchy in one location context, e.g., location context
A, is different from the order of the properties used in the hierarchy in a different location
context, e.g., location context B.

[0044] Based on the results of the size and shape tests, or other tests, particular processes and
thresholds are applied in the last level of the hierarchy, called leaf nodes, represented by steps
221,241, 261, 281. In some embodiments, some leaf nodes are compound nodes made up of
several sub-nodes based on other properties than size and shape or other properties used as
intermediate levels of the hierarchy, such as type of connection to adjacent tissue, as
explained in the example embodiment for periphery node 5 and periphery node 6. Each node
in the detection tree, including, in some embodiments, nodes corresponding to steps 213, 215
and 217, corresponds to one type of abnormality.

[0045] For each node, one or two node-specific algorithms were adopted. Each node
contains three procedures for testing the current candidate abnormality. The procedures are as
follows: 1) compute condition values, 2) compare condition values to thresholds and
determine whether the candidate abnormality could be classified by the node, and 3) extract
abnormality features (and train classifier). In each node, candidate abnormalities determined
as “Yes” (as indicated by the PASS branch steps 223, 243, 263 and 283 in FIG. 2) are
regarded as true abnormalities of the class corresponding to the node, as indicated in steps
227,247,267 and 277 in FIG. 2. In some embodiments, steps 227, 247, 267 and 273 each
includes storing or presenting on a display device the classified abnormality and zero or more
of its nodule features.

[0046] Otherwise, candidate abnormalities determined as “No” will continue to the next
node until all leaf nodes have been executed. This is indicated by the “ALL7?” branch steps
225,245, 265 and 285. If all leaf nodes have not been executed, the next leaf node is
executed, as indicated by the arrows leading from the “ALL7?” branch steps 225, 245, 265 and
285 to leaf nodes 241, 261, 281 and 221, respectively. If all leaf nodes for the anatomical
location context have been applied and the candidate abnormality is found to belong to none
of those classes, then control passes to step 291 where the candidate is rejected as not an

-10-
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abnormality of interest. In some embodiments, step 291 includes storing or presenting on a
display device the rejected abnormality and zero or more of its features.

[0047] In some embodiments, both branches of size test node 213 and shape test nodes 215
and 217 are not followed. Instead, one branch of each is followed leading to only one leaf
node. If a candidate nodule fails to be classified by the first leaf node, then control passes to
the next leaf node, until all leaf nodes have been applied as determined in steps 225, 245, 265
and 285. If all leaf nodes for the anatomical location context have been applied and the
candidate abnormality is found to belong to none of those classes, then control passes to step
291 where the candidate is rejected as not an abnormality of interest.

[0048] In various embodiments, control then passes to step 293 to determine whether there is
another candidate abnormality to classify. If so, then control passes back to step 207 to repeat

the process for the next candidate abnormality. If not, the process ends.

3. Example embodiment for lung nodules as the tissue abnormality

[0049] A more detailed example embodiment for use with candidate nodules in the lung as
the tissue abnormality is described here. The diversity of lung nodules poses difficulty for the
current computer-aided diagnostic (CAD) schemes for lung nodule detection on computed
tomography (CT) scan images, especially in large-scale CT screening studies. The hybrid
method described here integrates several existing and widely-used algorithms in the field of
nodule detection, in a new way, including morphological operation, dot-enhancement based
on Hessian matrix, adaptive thresholding, fuzzy connectedness segmentation, local density
maximum algorithm, geodesic distance map and regression tree classification, as described in
various references listed herein. Therefore these well known algorithms are not described in
detail herein. In the new combination, all of the adopted algorithms were organized into a
novel tree structure with multiple nodes. Each node in the tree structure tailored to deal with
one type of lung nodule.

[0050] Intensity based schemes use the intensity difference of voxels between lung nodules
and surrounding background (tissues) for nodule detection. Zhao et al. [15] developed a local
density maximum algorithm to detect nodules with local high-density structures. Li et al. [7]
employed enhancement procedure into nodule detection by applying a group of selective dot-
enhancement filters to the original CT images. The dot-enhancement filters could suppress

other normal anatomic structures that may be easily mistaken for nodules, such as small
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blood vessels and airway walls. Messay et al. [9] combined intensity thresholding with
morphological processing to generate candidate nodules for detection.

[0051] Shape based schemes developed statistical models to characterize lung nodules and
search for matching objects in the image space. Okada et al. [11] presented a method to fit
nodules by ellipsoid based on anisotropic Gaussian filters. Casio et al. [4] developed a series
of stable 3D mass-spring models for nodule matching. Pai et al.[12] proposed to identify
initial candidate nodules based on surface normal overlap. Matsumoto et al. [8] developed
novel quantized convergence index filters aiming to match round lesions. Ye et al. [14]
presented a method that could provide good description to objects of specific shapes with
high spherical elements by employing volumetric shape index map and the dot-enhancement
map. Machine learning schemes characterize candidate nodules as a group of extracted
features and use pre-trained classifiers for the discrimination. Golosio et al. [5] proposed a
multi-threshold method to construct a classification system for candidate nodules of different
intensity levels with the help of artificial neural networks. Murphy et al. [10] employed shape
index and curvedness as nodule features and reduced false positives via two successive k-
nearest-neighbor classifiers.

[0052] Tan et al. [13] proposed to conduct nodule determination in a newly-defined gauge
coordinates system with feature-selective classifiers based on genetic algorithms and artificial
neural networks. Li et al. [6] proposed to utilize both the global three-dimensional (3D)
information and local two-dimensional (2D) information of CT scan images to train nodule
detectors.

[0053] Despite significant progress, there are still no widely accepted CAD schemes,
especially dealing with large amounts of datasets. The complications of nodule detection
usually stem from five problematic situations recognized by herein.. First, CT scans in the
dataset might be generated by various protocols (e.g., different tube exposure time products,
different convolution kernels, and different slice thicknesses) and thus with various noise
patterns. Second, nodules might attach to surrounding structures of similar density (e.g.,
small blood vessels, airway walls and pulmonary scars), leading to the failure of purely
intensity-based schemes. Third, high-contrast structures (e.g., pulmonary vasculature and
chest wall) might impede the reliability of models-based schemes. Fourth, intensity can vary
significantly even in an individual nodule, especially if the nodule contains ground glass

opacity (GGO). Fifth, the shape and size of nodules can vary significantly. Machine-learning
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based schemes have to use a lot of features to characterize heterogeneous candidate nodules,
leading to overfitting and low efficiency.

[0054] The method was demonstrates on a data set of actual scans including 294 CT scans
from the Lung Image Database Consortium (LIDC) dataset. The CT scans were randomly
divided into two independent subsets: a training set (196 scans) and a testing set (98 scans).
In total, the 294 CT scans contained 631 lung nodules, which were annotated by at least two
radiologists participating in the LIDC project. The sensitivity and false positive per scan
using the method trained on the training set were 87% and 2.61, respectively, for the training
set and 85.2% and 3.13, respectively, for the testing set.

[0055] The database contains lung nodules that were annotated by four experienced
radiologists (who participated in the LIDC project) in a two-phase reading procedure. The
first reading of CT scan images was blind. Each radiologist identified the locations and
radiological characteristics of lung nodules independently. The second reading was
unblinded. Each radiologist reviewed the first reading results along with the information
provided by the other three radiologists in the second reading phase, and decided whether to
change their previous annotations. Final annotations were determined after the second
unblinded reading.

[0056] The dataset used in this embodiment were selected from LIDC database according to
eight conditions: 1) the CT scan contained nodules of diameter 3-30 millimeters (mm, 1 mm
=107 meters); 2) the CT scan images were not contrast-enhanced; 3) the slice thickness was

1.25-3 mm; 4) the slice interval was 0.625~3.0 mm; 5) the scan voltage was 12-140 kilovolts,

peak (kVp, 1kv=10 volts); 6) the tube current-time product was 20-320 milli amperes per

second (mAs, 1 mA = 10° amperes); 7) the image size was 512x512 pixels; 8) the image
pixel spacing was 0.5-0.8. The eight conditions were designed in reference to the national
lung screening trail [21]. FIG. 5 is a plot that illustrates an example distribution of lung
nodule sizes in the data set used to demonstrate the method of FIG. 2, according to an
embodiment. The size distribution of the selected nodules is shown and approximates a
Poisson distribution with a peak at a size of about 6 to 7 mm.

[0057] FIG. 6A through FIG. 6C are flow charts that illustrate an example of the method of
FIG. 2 implemented for lung nodules, according to an embodiment. The method of FIG. 6A
through FIG. 6C is implemented as three separate modules. The first module generates

candidate nodules. The second module classifies them into three anatomical location context
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categories: peripheral-nodule; chestwall-nodule; and mediastinum-nodule. The third module,
responsible for detection, is composed of detection nodes in the form of the tree structure of
FIG. 6A. As a result, the candidate nodules are categorized and partitioned in terms of their
location, size, and shape. Based on its location, a candidate nodule can be categorized as a
peripheral-nodule, chestwall-nodule or mediastinum-nodule. Based on its size, a candidate
nodule can be large or small, according to its diameter. And based on its shape, a candidate
nodule can be ball-like or irregular according to sphericity. A ball-like nodule is spherical and
unattached to other tissues, whereas an irregular nodule is not spherical or is attached to other
tissues, especially vessels, or both.

[0058] Based on these three criteria for the different levels of the tree structure, a total of
thirteen types of nodules were defined. As shown in FIG. 6B, each leaf node in the detection
tree (called simply a node hereinafter) corresponds to one type of nodule.

[0059] For each node, one or two specific algorithms were adopted. Each node contains
three procedures for selecting the corresponding nodule (see FIG. 6B and FIG. 6C). The
procedures are as follows: 1) compute condition values, 2) compare condition values to
thresholds and determine whether the candidate nodule could enter (i.e., be accepted by) the
node, and 3) extract image features and train classifier. In each node, candidate nodules
determined as “Yes” (accepted) will be regarded as true nodules; otherwise, candidate
nodules determined as “No” will continue to the next node. To facilitate the illustration,
nodes are named according to their order in the detection pipeline. For instance, node
“PER_NODE_3” denotes the third node to detect within the peripheral-nodule

[0060] The example implementation involves multiple parameters, which can be put into two
groups, primary parameters and secondary parameters. Primary parameters are those used to
categorize and partition candidate nodules (e.g. diameter and sphericity thresholds), while
secondary parameters are derived from adopted specific algorithms. Experiments were
performed with the test sets and training sets to determine the optimal or preferred values for
the primary parameters (as described in more detail below). For secondary parameters, the
settings were derived from the related literature where such parameters have been widely
studied.

[0061] The procedure to generate candidate nodules is composed of the following steps.
Step 1 interpolate CT images to isotropic volumetric data. In this step, all CT images are
stacked to form a volume and then interpolated into an isotropic one, that is, volumetric data
of same spacing along sagittal, coronal and transverse directions. Step 2 generates target lung
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area. In step 2, target lung area is segmented by the lung segmentation algorithm developed

by Zhao [15]. Step 3 applies multi-scale enhancement filters of dot and line to the volumetric
data as described in more detail below. Step 4 normalizes and combines the output of dot and
line enhancement filters. Step 5 determines candidate nodules according to half-peak volume.
[0062] In step 3, multi-scale enhancement filters of dot and line developed by Li et al. [7] are
adopted. Suppose the basic dot and line shapes in the volumetric data could be represented by

Gaussian functions as in Equation 1 and Equation 2.

2 2 2
d(x,y,2) = exp (- L) (1)
2 2
1(x,7,2) = exp(=25) )

The enhancement dot and line filters are constructed by the three eigenvalues of the Hessian

matrix of the above equations to yield Equation 3 and Equation 4.

1251%

Zgor (A1, A5, A3) = M Jif 44 < 0,4, <0,4; < 0;0 otherwise; 3)
Ziine(A1, A2, A3) = W if 11 <0,4, <0;0otherwise; 4

Where 1,, 1, and Aare the three eigenvalues that satisfy |1,| = |4, = |15]. In the multi-
scale enhancement filters, the output of dot and line filters will multiply their own Gaussian
factor 672, which is used as a scale to modify filters for the detection of target objects of
different sizes. For a voxel, the final filter output is the maximal filter output among all the
scales.

[0063] In step 4, the output of dot and line filters is first normalized to [0,1] (denoted as
Zn_got a0d Zy, 1i4.), and then the normalized dot and line filters are combined according to

Equation 5 through Equation 8.

Zn dot = SoT TiAATUE (5)
Zn line = LINEMC}m (6)
Zedor = (1 — exp(— 299y ) oxp (- ”;;;;6) (7
Ze tine = (1 — exp(— 221y ) orp (- ’;j‘;;) (8)

The DOT_MAXVALUE, LINE_MAXVALUE «a and p are empirically set as 35.0, 100.0[6,
7], 0.4 and 0.4[22], respectively.
[0064] In step 5, the concept of “half-peak volume” is used to generate candidate nodules.

Half-peak volume is defined as the number of voxels that have z_c_dot values larger than
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half of the local maximal z_c_dot peak value. Half-peak volume is obtained by this
procedure. A threshold Thr_z c_dot =0.02 is applied to the output of dot filter of the target
lung area. Voxels with z_c_dot values smaller than Thr_z c_dot are regarded as noise and set
as 0, otherwise they are set as 1. The candidate volumes are labeled using a region-growing
algorithm. Within each labeled candidate volume, voxels with z_c_dor values smaller than
half of the local peak z_c_dot value are removed and the remaining voxels are selected to
create the candidate nodule.

[0065] Candidate nodules can be classified as peripheral, chestwall or mediastinum based on
their location. Examples of the thirteen types of nodules in the corresponding nodes are
presented in FIG. 7 through FIG. 9. FIG. 7A through FIG. 7F are images that illustrate six
example types of nodules processed by a peripheral-nodule detector, according to an
embodiment. FIG. 8A through FIG. 8C are images that illustrate three example types of
nodules processed by a chestwall-nodule detector, according to an embodiment. FIG. 9A
through FIG. 9D are images that illustrate four example types of nodules processed by a
mediastinum-nodule detector; according to an embodiment.

[0066] FIG. 10A through FIG. 10E are images that illustrate example results from various
processing steps, according to an embodiment. Though images in FIG. 10 through FIG. 10E
are 2D, the procedure is conducted in 3D. The first step is to extract the lung region from the
CT images by applying a threshold Thr_category = -275 HU[23]. FIG. 10A shows an
example slice of lung image. FIG. 10B shows an example extracted lung region. Candidate
nodules attached to the pulmonary vasculature are defined as mediastinum-nodules.
Candidate nodules attached to the chest wall are defined as chestwall-nodules. Candidate
nodules other than mediastinum-nodules and chestwall-nodules are defined as peripheral-
nodules. Secondly, a morphological opening operation is applied to the extracted region with
a ball of radii 60 mm. FIG. 10C shows an example modified region after morphological
opening operation. The surface of the mask in FIG. 10C is defined as chest wall.. Then the
extracted region is subtracted from the modified region. FIG. 10D shows an example region
after subtracting extracted region from modified region. In the subtracted volumes, the largest
object is defined as the pulmonary vasculature. FIG. 10E shows an example pulmonary
vasculature.

[0067] The example peripheral-nodule detector consists of six nodes, PER_NODE_1
through PER_NODE_6, which produce example nodules depicted in FIG. 7A though FIG.
7F.
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[0068] PER_NODE_1 is for large candidate nodules. As shown in FIG. 10D, a group of
objects could be attained after applying a threshold Thr_acategory. Then, by performing
morphological open operation (with spherical structural element of radii 3.0 mm) to the
objects, one can obtain a group of candidate nodules. Candidate nodules of diameter greater
than 9 mm (meaning that after opening the potential nodules should be at least 9+3%2 = 15
mm in diameter), are used for classification in PER_NODE _1.

[0069] PER_NODE_2 and PER_NODE_3 are based on the properties of blobness, sphericity
and half peak volume. The thresholds of blobness>75.0 [6, 7] and sphericity>0.50 are used to
select ball-like candidate nodules. If a candidate nodule has a half peak diameter>3 mm, it is
used for classification in PER_NODE_2. If a candidate nodule has a half peak diameter<3
mm, it is used for classification in PER_NODE_3. Blobness and sphericity are calculated by

Equations 9 and 10.

Max(Zc dot)

blobness = YEE— * half peak volume )
. . 36xmxVolumel e
sphericity = T — 10

[0070] PER_NODE_4 targets irregular nodules with no attaching tissue, especially ground
glass opacity (GGO) with no vessel going through or surrounding. Candidate nodules that
encounter PER_NODE_4 will be modified by an adaptive threshold based on Hounsfield
units [16]. First, the voxel with the largest z_c_dot value is picked up and labeled as point
p_max_c_dot. Then, a Hounsfield unit threshold Thr_adaptive_ HU = [-275 HU [25] is
established. The 7 is the Hounsfield unit of point p_max_c_dot. The Thr_adaptive_HU is
applied to the reconstruction of candidate nodule, that is, the voxels with Hounsfield units
larger than the Thr_adaptive_HU are selected to reconstruct the candidate nodule’s
volumetric data.

[0071] PER_NODE_5 mainly takes advantage of intensity information to refine irregular-
shaped candidate nodule. First, candidate nodules that are directed to PER_NODE_S5 undergo
fuzzy segmentation [17]. The refined result by fuzzy segmentation is used for the following
procedures. In fuzzy segmentation, the relation between each pair of voxels (p,q) is
represented by fuzzy connectedness strength, computed by Equation 11.

A% (p,
fuzzy(p, q) = exp(— %) (11

where A(p,q)=(I_p+I_q )*0.5-u, I_p and I_g are the Hounsfield units of the voxels p and ¢. u

and o are mean and standard deviation of Hounsfield units in the target region. In this work,

-17-



WO 2017/011532 PCT/US2016/042055

the « and o are estimated from the target region determined by the local density maximum
algorithm developed by Zhao [15]. The algorithm provides a potential nodule region quickly.
Suppose Volume_ori is the original volume of candidate nodules, and Volume_Idm is the
volume provided by local density maximum algorithm. Thus, the ratio between the two

volumetric data can be computed by Equation 12.

VolumeyrinVolumegm

LDMRatio,,; = (12)

Volumeyy;
In this work, small value LDMRatio ori>0.05 are used to select candidate nodules for
classification in the PER._ NODE 3; otherwise, candidate nodules of LDMRatio ori<0.05
were considered as noise.

[0072] PER_NODE 6 is similar to PER_ NODE 5. When PER_NODE 5 fails to refine
irregular-shape candidate nodules based on intensity, PER_NODE_6 will use geodesic
distance transformation to estimate the mean and standard deviation of Hounsfield units for
fuzzy segmentation instead of local density maximum algorithm. Geodesic distance
transformation is preferable because local density maximum algorithm might fail if candidate
nodules are traversed by more than one vessel. In PER_NODE_6, an adaptive threshold
algorithm mentioned above is used to generate an initial region and then apply geodesic
distance transformation. Secondly, the local maximal geodesic distance G_max_local is
searched according to the connectivity between voxels within the initial region. Then, all
voxels that are within the initial region, have connectivity with the point of local maximal
geodesic distance and have geodesic distance value larger than 0.5*G_max_local [18] are
selected to construct the refined candidate nodules for classification in PER_NODE 6.
[0073] The chestwall-nodule detector consists of three nodes CWL_NODE_1 through
CWL_NODE_3, which produce example nodules depicted in FIG. 8 A though FIG. 8C. The
first CWL_NODE _1 is for large candidate nodules, which is similar to PER_NODE_1, while
the other two nodes are for un-ball-like nodules. For the last two nodes, candidate nodules
would be modified by a finer threshold based on Hounsfield units. Furthermore, scaled
geodesic distance map [18] is used to characterize those un-ball-like nodules. Candidate
chestwall-nodules are regenerated by using the region-growing algorithm, which has two
parameters, the starting seeds and the grown threshold. In this work, the starting seeds are the
original candidate nodules. The grown threshold is Thr_wall-refined = -700 HU [23], that is,
the voxels of Hounsfield units larger than Thr_wall_refined will be included into the

regenerated volumetric data of candidate chestwall-nodules.
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[0074] Scaled geodesic distance map is used to attain the shape property of candidate
chestwall-nodules. To calculate the scaled geodesic distance map, a geodesic distance
transformation is applied to the regions of candidate nodules starting from the outer surface
of the lung wall. The outer surface of the lung wall is actually the outer surface of the target
lung region as described above. Then, a scale factor of 1.0 is used to scale the geodesic
distance map. FIG. 11 is an image that illustrates an example scaled geodesic distance map
resulting from one step of a classification process, according to an embodiment. As shown in
FIG. 11, the scaled geodesic distance map appears as a group of iso-surfaces indicated by an
arrow.

[0075] Two parameters were developed to characterize the shape property of candidate
chestwall-nodules based on the scaled geodesic distance map, the local range of maximal iso-
surface (LRM]) and the average ratio between neighboring iso-surfaces (ARNI). Suppose
SGDMgd represents the volume of an object’s iso-surface with geodesic distance gd.
GD_maxSGDM denotes the order of iso-surface with the volume of MaxSGDMgd.
GD_locall_maxSGDM and GD_local2_maxSGDM are used to represent the orders of the
two iso-surfaces with the closest local minimal volumes around GD_maxSGDM. Since a
scale factor 1.0 is used to scale the geodesic distance map, the values of GD_maxSGDM,
GD_locall_maxSGDM and GD_local2_maxSGDM also correspond to the real geodesic
distance values in the scaled geodesic distance map. Thus, the LRMI can be computed

according to Equation 13.

)

LRM] = (GDmaxSGDM_GDlocal1maxSGDM)(GDlocalzmastDM _GDmaxSGDM) (13)
(GDlocalzmaxSGDM _GDlOCallmaxSGDM)
GDlocalZmaxscDM = GDmaxSGDM = GDlocallmastDM
Suppose N_isosurface represents the total number of iso-surfaces within the scaled geodesic
distance map. Thus, the ARNI can be computed according to Equation 14.

— 1 Nisosurface SGDM(gdy)
ARNI = (Nisosurface=1) n=2 SGDM(gdp—-1) (14)

In this work, candidate chestwall-nodules with LRMI>0 [26] are directed to CWL_NODE 2,
while candidate nodules with LRMI=0 [26] are directed to CWL_NODE 3. The two
proposed parameters LRMI and ARNI are used in CWL_NODE_2 and CWL_ NODE_3,
respectively.
[0076] The mediastinum-nodule detector consists of four nodes MED_NODE_1 through
MED_NODE_4, which produce example nodules depicted in FIG. 9A though FIG. 9D.
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[0077] The entering condition of MED_NODE_1 is the same as that of PER_NODE_1.
Candidate nodules of diameter>15 mm are used for classification in MED NODE 1.

[0078] The candidate nodules that encounter MED_NODE_2 are first modified by the
adaptive threshold algorithm described above. Then, the sphericity of each regenerated
candidate nodule is calculated. Those regenerated candidate nodules with sphericity larger
than 0.5 are used for classification in MED NODE 2.

[0079] The entering condition of MED_NODE_3 is the same as that of PER_NODE_S5. It is
noted that, only those candidate nodules with LDMRatio,; > 0.05 are used for classification
in MED_NODE_3.

[0080] The preprocessing procedure for MED_INODE_4 is the same as that of
PER_NODE_6.

[0081] Classifiers in the nodes are trained by image features and the regression tree
classification algorithm [19] based on two concepts: the detection rate (DR) and the false
positive rate (FR). The DR and FR can be calculated according to Equation 15 and Equation
16.

The number of missing nodules in the node

Detection rate = (1 — ) * 100% (15)

The number of total true nodules in the node

The number of false nodules in the node

False positive rate = (16)

The number of total true nodules in the node

In the training procedure, two thresholds DR_thr and FR_thr are used to control the number
scale of candidates that are processed in the classifier. That is, the training result of DR is
advantageously higher than DR_thr, while the training result of FR is advantageously lower
than FR_thr. Thus, the number scales of candidates in the nodes are determined by a series of
pre-setting DR _thrs and FR_thrs. For instance, low DR_thr and high FR_thr might make the
amount of candidates in an individual node too large, while high DR_thr and low FR_thr
might make it too small. Both situations are harmful to the performance of the tree structure.
Thus, proper settings of DR_thrs and FR_thrs is advantageous. Fortunately, there are many
studies [6, 9, 10, 13, 14] to help guide the settings of DR_thr and FR_thr. The algorithms in
those studies have been proven useful for the detection of certain types of lung nodules. The
performance of CAD schemes in those studies is reported to sensitivities of 80%~90% and
false positives per scan of more than 4.0. Therefore, DR_thrs is set as 75% and FR_thrs is set
as 4.0 for most of nodes in the detection system, except those last nodes in the detectors. The

DR_thrs and FR_thrs of the last nodes (PER_NODE_6, CWL_NODE_3 and
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MED_NODE_4) were set as 50% and 4.0 respectively, because candidate nodules in the last
nodes are the most difficult to classify.

[0082] After setting DR_thr and FR_thr, the classifier in node would be trained by the
regression tree classifier algorithm. The parameters, which can achieve the highest DR under
conditions of DR>DR_thr and FR<FR_thr, were selected to form the classifier. In the
implementation, firstly, numbers of false candidate nodules were removed according to the
feature value ranges of true positives. Secondly, a free-response receiver operating
characteristic (FROC) [27] curve was trained with regression tree classification. Finally, the
local maximum is searched in the window defined by DR_thr and FR_thr. Nodes with DR
lower than 75% would be discarded. FIG. 12 is a table that illustrates example node features,
according to an embodiment. All of the features used for node training are presented in Table
1 presented in FIG. 12.

[0083] Features listed in Table 1 of FIG. 12 are defined or calculated as follows.

Mean_CT _Value is obtained by computing the average Hounsfield units of volumetric data.
Volume is obtained by counting the total voxels of volumetric data. Sphericity is defined by
Equation 10. AdaThr_ is obtained by computing the sphericity of volumetric data that is
modified by adaptive threshold. Max_dot is defined by Equation 17 and Dotline_Ratio by
Equation 18.

Max_dot = Max(z. got) 17)

DotLine_Ratio = Max(ze dot) (18)

Max(zc jine)
Blobness is defined by Equation 9. GD_R] is obtained by computing the maximal geodesic
distance to the surface of volumetric data (The distance value inside the volumetric data is
positive, otherwise negative). GD_Ratiol and GD_Ratio2 are obtained by suppose p_c is
the voxel corresponding to the value GD_RI. The geodesic distance transformation is
performed starting from p_c and recording the maximal geodesic distance GD_R2 and the
corresponding voxel p_1. In addition, the geodesic distance transformation is performed
again starting from p_/ and recording the maximal geodesic distance GD_R3 and the

corresponding voxel p_2. Thus, the ratios are defined by Equation 19 and Equation 20.

GD
GDRatio1 = F: (19)
GD_Ratio2 = 23: (20)
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Dice is obtained by supposing Volume_ori is the original volume of candidate nodules, and
Volume_mod is the volume of candidate nodules that have been modified by the

corresponding preprocessing. Then Dice is computed by Equaiton 21.

Volume,NVolumenmogd

2D

Dice = 2 %
Volume,riUVolumenmod

Ori_LDMRatio and Modified_LDMRatio are obtained using Equation 22 and 23,respectively.

Volume,,;NVolumeygm

Ori_LDMRatio = (22)
Volumegr;
Modified_LDMRatio = L2"emoa0Volumeiam (23)
Volumemod

LRMI and ARNI are obtained using Equation 13 and Equation 14, provided above. And the
final feature Modified_Ratio is defined by Equation 24.

Volume,;

Modified_Ratio = (24)

Volumemod
[0084] Experimental results were obtained as described next. The 294 CT scans were
randomly divided into two groups at the ratio of 2:1, 196 training CT scans and 98 testing CT
scans. The first group was used as a training set to develop the nodule detection system with
leave-one-out cross-validation, while the latter was used as a test set to test the nodule
detection system independently. The training set contains 408 annotated nodules, while the
testing set contains 233 annotated nodules. Two indicators, sensitivity and false positives per
scan, were used for the presentation of performance. The sensitivity and false positives per

scan were calculated according to Equation 15 and Equation 26.

Number of total truly detected nodules

Sensitivity = * 100% (25)

Number of toral annotated nodules

Number of total false positives

Flase positives per scan = (26)

Number of total scans

[0085] The criterion to differentiate a truly detected nodule from a false positive was based
on the comparison between the centroid of a detected nodule and that of the nearest annotated
nodule. If the Euclidean distance from the centroid of the detected nodule to that of the
nearest annotated nodule did not exceed a distance threshold, the detected nodule was
regarded as a truly detected nodule, otherwise it was considered a false positive. For these
purposes, if the nearest annotated nodule was smaller than 10 mm, the distance threshold was
6 mm, otherwise the distance threshold was 12 mm. The centroid of an annotated nodule was
computed by averaging the readers’ delineations, while the centroid of a detected nodule was
computed by their corresponding nodes. The result of the proposed hierarchical classifier
method is presented in Table 2. FIG. 13A and FIG. 13B are free-response receiver operating

characteristic (FROC) curves that illustrate example performance of the method on a training
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set and testing set, respectively, according to an embodiment. The proposed hybrid method
was coded in C++ and tested on a computer with 3.60 GHz CPU and 8 GB Memory. On

average, the hybrid method takes 628 second/scan for detection without I/O process.

Table 2. The result of the proposed hybrid method

Sensitivity(truly detected false positives per scan (false
nodules/ annotated nodules) positives/total scans)
Training set 87.0%(355/408) 2.61(512/196)
Testing set 85.2%(190/223) 3.13(300/98)

[0086] There are a total of thirteen nodes in the hybrid method, each targeting a different
type of nodule. In each node, all the candidate nodules that meet the entering conditions are
trained based on the pre-setting DR_thr and FR_thr. To evaluate each node, we present the
final DRs and FRs in Table 3.

Table 3. Details of each node for both the training and test set

Training set Testing set
Nrf)idulfle DR FR Percent %?;CJZS DR FR Percent
PER_NODE 1 29 100.0% 0.0 7.1% 12 100.0% 0.1 12.5%
PER_NODE_2 107 99.1% 14 26.5% 51 100.0% 1.7 53.1%
PER_NODE 3 25 78.1% 32 7.8% 8 61.5% 5.0 13.5%
PER_NODE _4 12 100.0% 0.7 2.9% 8 100.0% 1.0 8.3%
PER_NODE 5 36 78.3% 2.2 11.3% 33 82.5% 1.5 41.7%
PER_NODE 6 12 54.5% 1.1 5.4% 10 83.3% 0.7 12.5%
CWL_NODE 1 13 100.0% 04 3.2% 5 100.0% 0.2 5.2%
CWL_NODE 2 23 100.0% 0.3 5.6% 11 100.0% 04 11.5%
CWL_NODE 3 31 96.9% 1.7 7.8% 14 77.8% 1.8 18.8%
MED_NODE _1 18 100.0% 0.3 4.4% 14 100.0% 0.1 14.6%
MED_NODE_2 15 100.0% 0.2 3.7% 9 100.0% 0.6 9.4%
MED_NODE_3 26 96.3% 0.9 6.6% 10 90.9% 2.2 11.5%
MED_NODE 4 8 57.1% 2.0 3.4% 5 62.5% 0.8 8.3%
Missed by node 17 \ \ 4.17% 11 \ \ 4.93%

[0087] While the values of the secondary parameters were obtained from the pertinent
literature, experiments described next were performed to determine the optimal values for
diameter and sphericity thresholds.

[0088] There are two diameter thresholds, one is used to define large nodules
(PER_NODE_1, CWL_NODE_1 and MED_NODE 1), while the other differentiates large
ball-like candidate peripheral-nodules (PER_NODE_2) from small ball-like candidate
peripheral-nodules (PER_NODE_3). FIG. 14A and FIG. 14B are FROC curves that illustrate
example performance of the method on a training set and testing set, respectively, using

different diameter thresholds, according to various embodiments. These experiments

23



WO 2017/011532 PCT/US2016/042055

determine the first threshold. It can be seen that diameter =15 mm is the best threshold,
providing the most sensitivity for both the training set and the test set. This result is
consistent with the diameter distribution shown in FIG. 5, in which most nodules are of
diameter < 15 mm. For the second threshold, a purpose was to isolate extremely small
peripheral-nodules (PER_NODE_3). Thus, the half peak diameter = 3 mm was set as the
threshold. That is because diameter = 3 mm is the minimal diameter of nodules of interest.
[0089] “Sphericity” is used to differentiate ball-like candidate nodules (PER_NODE_2-3,
MED_NODE_2) from irregular candidate nodules (PER_NODE_4-6, MED_NODE_3-4).
According to the Equation 10, the range of sphericity should be from O to 1, so experiments
were conducted on sphericity values of 0.00, 0. 25, 0.5 and 0.75, respectively. FIG. 151A and
FIG. 15B are FROC curves that illustrate example performance of the method on a training
set and testing set, respectively, using different sphericity thresholds, according to various
embodiments. As shown in FIG. 15, sphericity=0.50 is the best threshold. Detection
performance was the worst at sphericity=0, which mixes together all nodules regardless of
their shape.

[0090] To further evaluate the performance of the proposed hierarchical classifier method,
experimental results were compared with other existing CAD schemes. However, it is
difficult to make direct comparison because of the following reasons: 1. Different CAD
schemes usually use different testing databases. Different testing databases might contain a
various number of CT scans. Also, different CT scans might be derived from different CT
protocols. 2. Different CAD schemes might be evaluated with different methods, such as N-
fold cross-validation, leave-one-out cross-validation and independent test. 3. Different CAD
schemes might use different lung segmentation methods, which have an effect on detection
performance. It is believed that a relative comparison is helpful despite these limitations.

Some recent reporting CAD schemes on nodule detection are presented in Table 4.
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Table 4. Comparison of CAD schemes
CAD scheme Method Dataset Validation Performance
Ye et al. Shape-based scheme Wlth 108 CT scans with Sen:90.2%
(2009) [14] support vector machine 118 nodules (Source | Independent test FP/s:8.2
based on 15 features unknown) o
Multi-threshold Intensity- 84 CT scans with 77
. based scheme followed by
Golosio et al. . o - nodules that at least 3 Sen:71%
fixed-topology artificial . . Independent test .
(2009) [5] radiologists agreed FP/s:4
neural network based on
from LIDC database
42 features
i e e | Cr s o
Murphy et al. nearest neighbor patients with 1525 Indevendent test Sen:80.2%
(2009) [10] Arest ne1gh nodules from Nelson P FP/s:4.2
classification with 135 .
trial data.
features
Intensity-based scheme 84 CT scans with 143
Messay et al. with quadratic nodules that at least 1 Seven-fold Sen:83%
(2010) [9] discriminant analysis radiologists agreed cross-validation FP/s:3
based on 245 features from LIDC database
Feature selection based on 125 CT scans with
Tan et al. genetic algorithm and 172 nodules that 4 Independent test Sen:83.7%
(2011) [13] artificial neural network radiologists agreed P FP/s:4
with 45 features from LIDC database
Machine learning scheme 85 CT scans with 111
Lietal £ nodules that 2 Leave-one-out Sen:85.0%
based on 51 global 3D and . . P
(2012) [6] local 2D features radiologists agreed cross-validation FP/s:2.6
from LIDC database
98 CT scans with 223
Our scheme Hybrid scheme based on nodules that 2 Tnd dent test Sen:85.2%
16 features radiologists agreed ndependent tes FP/s:3.1

from LIDC database

* Sen is the sensitivity. FP/s is the false positives per scan.

[0091] The hierarchical classifier method can achieve sensitivity of 87% with 2.61 false
positive per scan on the training dataset, and sensitivity of 85.2% with 3.13 false positive per
scan on the testing dataset, respectively. This method was compared with six recent CAD
schemes, four of which were evaluated on an independent test. As shown in Table 4, only the
hierarchical classifier method yielded sensitivity higher than 85% while maintaining false
positive per scan lower than 4.0. Though Li’s scheme had better results than the five others, it
was only tested by the cross-validation method rather than using an independent dataset.
Besides, Li’s dataset was small, containing no more than one hundred CT scans. Murphy’s
method was tested on CT scans of the most number, but it required too many features and the
sensitivity was just 80%. The hierarchical classifier scheme and Ye’s scheme used the least
features, but Ye’s scheme resulted in much more false positives. Therefore, as indicated by
Table 4, the hierarchical classifier achieved a better performance than the recently reported

CAD schemes.
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[0092] This hierarchical classifier method for lung nodules has at least two advantages. The
first advantage is that candidate nodules are partitioned in a “soft” way rather than a “hard”
way [19, 24]. In practice, it is impossible to partition nodules with rigorous conditions,
because nodules vary widely in intensity and shape. For that reason, as many as thirteen
nodes were used in the hierarchical classifier lung nodule classifier. Some of the thirteen
nodes might have overlap. For example, nodes targeting at large candidate nodules
(PER_NODE_1, CWL_NODE_1 and MED_NODE 1), are actually similar to each other in
terms of size, as shown in FIG. 7A, FIG. 8A and FIG. 9A. Based on such overlap, accurate
thresholds were not needed to control the entry into nodes, because one true nodule that was
rejected by one node might be accepted by another. As indicated in Table 3, only 4.17% and
4.93% of true nodules were entirely missed by nodes in the training and test dataset,
respectively. The second advantage is that specific types of candidate nodules can be
processed by specific nodes. To partition nodules, the order of nodes is very useful. In the
hierarchical classifier method, after determining the “Location”, candidate nodules are
partitioned in the order of from large and regular to small and irregular. Intuitively, large and
regular nodules are more easily detected correctly than those small and irregular nodules;
thus, nodes targeting large and regular nodules yielded better performance than those nodes
targeting small and irregular nodules. As indicated by Table 3, all of these six nodes targeting
large and regular nodules (PER_NODE_1-2, CWL_NODE_1-2 and MED_NODE_1-2 (See
FIG. 8A, FIG. 8B, FIG. 9A. FIG. 9B) could achieve high DR close to 100% while
maintaining very low FR.

[0093] Nodes targeting at small and irregular nodules included PER_NODE_3-6,
CWL_NODE_3 and MED_NODE_3-4 (See FIG. 8C through FIG. 8E, FIG. 9C and FIG.
9D). Among the seven nodes, two nodes targeting at irregular-shaped chestwall-nodules
(CWL_NODE_3) and irregular peripheral-nodules with no attaching tissues (PER_NODE_4)
have the best performance. The good performance of PER_NODE_4 is due to the non-
attachment to any other tissues (See FIG. 8D). The high performance of CWL_NODE_3 lies
in the anatomical fact that there were only a few small vessels and airways located in the
region close to the lung wall. Two nodes targeting irregular-shape peripheral-nodules of
different intensity to the attaching tissues (PER_NODE_5) and irregular-shape mediastinum-
nodules of different intensity to the attaching tissues (MED_NODE_3), yielded median
performance. In the PER_NODE_5 and MED_NODE_3 additional intensity information was
introduced to partition nodules from adjacent vessels, if there were only little parts of nodule
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attaching to vessels (See FIG. 9E and FIG. 10C). Three nodes targeting very small
peripheral-nodules (PER_NODE_3), irregular-shape peripheral-nodules of similar intensity
to the attaching tissues (PER_NODE_6) and irregular-shape mediastinum-nodules of similar
intensity to the attaching tissues (MED_NODE_4), were the least successful. For the
PER_NODE_3, very small candidate nodules (See FIG. 8C) are difficult to differentiate from
pulmonary scars which usually exist in damaged lungs and the lungs of older patients. For the
PER_NODE_6 and MED_NODE_4, candidate nodules were similar to small vessels not only
based on shape but also on intensity, making them extremely difficult to detect. That is why
PER_NODE_6 and MED_NODE_4 were placed at the end of the detectors.

[0094] Improvement in terms of detection speed are achieved in some embodiments. Most of
the time-consuming algorithms would be implemented in parallel via a graphics processing
unit, such as Hessian-matrix-based enhancement filtering, fuzzy segmentation, lung
segmentation, among others.

[0095] In summary, the hierarchical classifier method performed well, yielding high
sensitivity and low false positives per scan in a large scale dataset. The present method would
be a useful tool for both routine diagnosis and screening studies on a wide variety of CT

imaging protocols.

4. Computational Hardware overview

[0096] FIG. 3 is a block diagram that illustrates a computer system 300 upon which an
embodiment of the invention may be implemented. Computer system 300 includes a
communication mechanism such as a bus 310 for passing information between other internal
and external components of the computer system 300. Information is represented as physical
signals of a measurable phenomenon, typically electric voltages, but including, in other
embodiments, such phenomena as magnetic, electromagnetic, pressure, chemical, molecular
atomic and quantum interactions. For example, north and south magnetic fields, or a zero and
non-zero electric voltage, represent two states (0, 1) of a binary digit (bit). Other phenomena
can represent digits of a higher base. A superposition of multiple simultaneous quantum
states before measurement represents a quantum bit (qubit). A sequence of one or more digits
constitutes digital data that is used to represent a number or code for a character. In some
embodiments, information called analog data is represented by a near continuum of

measurable values within a particular range. Computer system 300, or a portion thereof,
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constitutes a means for performing one or more steps of one or more methods described
herein.

[0097] A sequence of binary digits constitutes digital data that is used to represent a number
or code for a character. A bus 310 includes many parallel conductors of information so that
information is transferred quickly among devices coupled to the bus 310. One or more
processors 302 for processing information are coupled with the bus 310. A processor 302
performs a set of operations on information. The set of operations include bringing
information in from the bus 310 and placing information on the bus 310. The set of
operations also typically include comparing two or more units of information, shifting
positions of units of information, and combining two or more units of information, such as by
addition or multiplication. A sequence of operations to be executed by the processor 302
constitutes computer instructions.

[0098] Computer system 300 also includes a memory 304 coupled to bus 310. The memory
304, such as a random access memory (RAM) or other dynamic storage device, stores
information including computer instructions. Dynamic memory allows information stored
therein to be changed by the computer system 300. RAM allows a unit of information stored
at a location called a memory address to be stored and retrieved independently of information
at neighboring addresses. The memory 304 is also used by the processor 302 to store
temporary values during execution of computer instructions. The computer system 300 also
includes a read only memory (ROM) 306 or other static storage device coupled to the bus 310
for storing static information, including instructions, that is not changed by the computer
system 300. Also coupled to bus 310 is a non-volatile (persistent) storage device 308, such as
a magnetic disk or optical disk, for storing information, including instructions, that persists
even when the computer system 300 is turned off or otherwise loses power.

[0099] Information, including instructions, is provided to the bus 310 for use by the
processor from an external input device 312, such as a keyboard containing alphanumeric
keys operated by a human user, or a sensor. A sensor detects conditions in its vicinity and
transforms those detections into signals compatible with the signals used to represent
information in computer system 300. Other external devices coupled to bus 310, used
primarily for interacting with humans, include a display device 314, such as a cathode ray
tube (CRT) or a liquid crystal display (LCD), for presenting images, and a pointing device

316, such as a mouse or a trackball or cursor direction keys, for controlling a position of a
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small cursor image presented on the display 314 and issuing commands associated with
graphical elements presented on the display 314.

[0100] In the illustrated embodiment, special purpose hardware, such as an application
specific integrated circuit (IC) 320, is coupled to bus 310. The special purpose hardware is
configured to perform operations not performed by processor 302 quickly enough for special
purposes. Examples of application specific ICs include graphics accelerator cards for
generating images for display 314, cryptographic boards for encrypting and decrypting
messages sent over a network, speech recognition, and interfaces to special external devices,
such as robotic arms and medical scanning equipment that repeatedly perform some complex
sequence of operations that are more efficiently implemented in hardware.

[0101] Computer system 300 also includes one or more instances of a communications
interface 370 coupled to bus 310. Communication interface 370 provides a two-way
communication coupling to a variety of external devices that operate with their own
processors, such as printers, scanners and external disks. In general the coupling is with a
network link 378 that is connected to a local network 380 to which a variety of external
devices with their own processors are connected. For example, communication interface 370
may be a parallel port or a serial port or a universal serial bus (USB) port on a personal
computer. In some embodiments, communications interface 370 is an integrated services
digital network (ISDN) card or a digital subscriber line (DSL) card or a telephone modem
that provides an information communication connection to a corresponding type of telephone
line. In some embodiments, a communication interface 370 is a cable modem that converts
signals on bus 310 into signals for a communication connection over a coaxial cable or into
optical signals for a communication connection over a fiber optic cable. As another example,
communications interface 370 may be a local area network (LAN) card to provide a data
communication connection to a compatible LAN, such as Ethernet. Wireless links may also
be implemented. Carrier waves, such as acoustic waves and electromagnetic waves, including
radio, optical and infrared waves travel through space without wires or cables. Signals
include man-made variations in amplitude, frequency, phase, polarization or other physical
properties of carrier waves. For wireless links, the communications interface 370 sends and
receives electrical, acoustic or electromagnetic signals, including infrared and optical signals
that carry information streams, such as digital data.

[0102] The term computer-readable medium is used herein to refer to any medium that
participates in providing information to processor 302, including instructions for execution.
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Such a medium may take many forms, including, but not limited to, non-volatile media,
volatile media and transmission media. Non-volatile media include, for example, optical or
magnetic disks, such as storage device 308. Volatile media include, for example, dynamic
memory 304. Transmission media include, for example, coaxial cables, copper wire, fiber
optic cables, and waves that travel through space without wires or cables, such as acoustic
waves and electromagnetic waves, including radio, optical and infrared waves. The term
computer-readable storage medium is used herein to refer to any medium that participates in
providing information to processor 302, except for transmission media.

[0103] Common forms of computer-readable media include, for example, a floppy disk, a
flexible disk, a hard disk, a magnetic tape, or any other magnetic medium, a compact disk
ROM (CD-ROM), a digital video disk (DVD) or any other optical medium, punch cards,
paper tape, or any other physical medium with patterns of holes, a RAM, a programmable
ROM (PROM), an erasable PROM (EPROM), a FLASH-EPROM, or any other memory chip
or cartridge, a carrier wave, or any other medium from which a computer can read. The term
non-transitory computer-readable storage medium is used herein to refer to any medium that
participates in providing information to processor 302, except for carrier waves and other
signals.

[0104] Logic encoded in one or more tangible media includes one or both of processor
instructions on a computer-readable storage media and special purpose hardware, such as
ASIC 320.

[0105] Network link 378 typically provides information communication through one or more
networks to other devices that use or process the information. For example, network link 378
may provide a connection through local network 380 to a host computer 382 or to equipment
384 operated by an Internet Service Provider (ISP). ISP equipment 384 in turn provides data
communication services through the public, world-wide packet-switching communication
network of networks now commonly referred to as the Internet 390. A computer called a
server 392 connected to the Internet provides a service in response to information received
over the Internet. For example, server 392 provides information representing video data for
presentation at display 314.

[0106] The invention is related to the use of computer system 300 for implementing the
techniques described herein. According to one embodiment of the invention, those
techniques are performed by computer system 300 in response to processor 302 executing

one or more sequences of one or more instructions contained in memory 304. Such
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instructions, also called software and program code, may be read into memory 304 from
another computer-readable medium such as storage device 308. Execution of the sequences
of instructions contained in memory 304 causes processor 302 to perform the method steps
described herein. In alternative embodiments, hardware, such as application specific
integrated circuit 320, may be used in place of or in combination with software to implement
the invention. Thus, embodiments of the invention are not limited to any specific
combination of hardware and software.

[0107] The signals transmitted over network link 378 and other networks through
communications interface 370, carry information to and from computer system 300.
Computer system 300 can send and receive information, including program code, through the
networks 380, 390 among others, through network link 378 and communications interface
370. In an example using the Internet 390, a server 392 transmits program code for a
particular application, requested by a message sent from computer 300, through Internet 390,
ISP equipment 384, local network 380 and communications interface 370. The received code
may be executed by processor 302 as it is received, or may be stored in storage device 308 or
other non-volatile storage for later execution, or both. In this manner, computer system 300
may obtain application program code in the form of a signal on a carrier wave.

[0108] Various forms of computer readable media may be involved in carrying one or more
sequence of instructions or data or both to processor 302 for execution. For example,
instructions and data may initially be carried on a magnetic disk of a remote computer such as
host 382. The remote computer loads the instructions and data into its dynamic memory and
sends the instructions and data over a telephone line using a modem. A modem local to the
computer system 300 receives the instructions and data on a telephone line and uses an infra-
red transmitter to convert the instructions and data to a signal on an infra-red a carrier wave
serving as the network link 378. An infrared detector serving as communications interface
370 receives the instructions and data carried in the infrared signal and places information
representing the instructions and data onto bus 310. Bus 310 carries the information to
memory 304 from which processor 302 retrieves and executes the instructions using some of
the data sent with the instructions. The instructions and data received in memory 304 may
optionally be stored on storage device 308, either before or after execution by the processor
302.

[0109] FIG. 4 illustrates a chip set 400 upon which an embodiment of the invention may be
implemented. Chip set 400 is programmed to perform one or more steps of a method
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described herein and includes, for instance, the processor and memory components described
with respect to FIG. 3 incorporated in one or more physical packages (e.g., chips). By way of
example, a physical package includes an arrangement of one or more materials, components,
and/or wires on a structural assembly (e.g., a baseboard) to provide one or more
characteristics such as physical strength, conservation of size, and/or limitation of electrical
interaction. It is contemplated that in certain embodiments the chip set can be implemented
in a single chip. Chip set 400, or a portion thereof, constitutes a means for performing one or
more steps of a method described herein.

[0110] In one embodiment, the chip set 400 includes a communication mechanism such as a
bus 401 for passing information among the components of the chip set 400. A processor 403
has connectivity to the bus 401 to execute instructions and process information stored in, for
example, a memory 405. The processor 403 may include one or more processing cores with
each core configured to perform independently. A multi-core processor enables
multiprocessing within a single physical package. Examples of a multi-core processor
include two, four, eight, or greater numbers of processing cores. Alternatively or in addition,
the processor 403 may include one or more microprocessors configured in tandem via the bus
401 to enable independent execution of instructions, pipelining, and multithreading. The
processor 403 may also be accompanied with one or more specialized components to perform
certain processing functions and tasks such as one or more digital signal processors (DSP)
407, or one or more application-specific integrated circuits (ASIC) 409. A DSP 407 typically
is configured to process real-world signals (e.g., sound) in real time independently of the
processor 403. Similarly, an ASIC 409 can be configured to performed specialized functions
not easily performed by a general purposed processor. Other specialized components to aid
in performing the inventive functions described herein include one or more field
programmable gate arrays (FPGA) (not shown), one or more controllers (not shown), or one
or more other special-purpose computer chips.

[0111] The processor 403 and accompanying components have connectivity to the memory
405 via the bus 401. The memory 405 includes both dynamic memory (e.g., RAM, magnetic
disk, writable optical disk, etc.) and static memory (e.g., ROM, CD-ROM, etc.) for storing
executable instructions that when executed perform one or more steps of a method described
herein. The memory 405 also stores the data associated with or generated by the execution of

one or more steps of the methods described herein.
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5. Alterations, extensions and modifications

[0112] In the foregoing specification, the invention has been described with reference to
specific embodiments thereof. It will, however, be evident that various modifications and
changes may be made thereto without departing from the broader spirit and scope of the
invention. The specification and drawings are, accordingly, to be regarded in an illustrative
rather than a restrictive sense. Throughout this specification and the claims, unless the
context requires otherwise, the word “comprise” and its variations, such as “comprises” and
“comprising,” will be understood to imply the inclusion of a stated item, element or step or
group of items, elements or steps but not the exclusion of any other item, element or step or
group of items, elements or steps. Furthermore, the indefinite article “a” or “an” is meant to
indicate one or more of the item, element or step modified by the article. As used herein,
unless otherwise clear from the context, a value is “about” another value if it is within a
factor of two (twice or half) of the other value. While example ranges are given, unless

otherwise clear from the context, any contained ranges are also intended in various

embodiments. Thus, a range from O to 10 includes the range 1 to 4 in some embodiments.
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CLAIMS

What is claimed is:

1. A non-transitory computer-readable medium carrying one or more sequences of
instructions, wherein execution of the one or more sequences of instructions by one or more
processors causes the one or more processors to perform the steps of:
determining voxels involved with each of a plurality of candidate tissue abnormalities
in a medical image;
determining whether a candidate abnormality belongs in one of a plurality of
abnormality classes based at least on anatomical location context, size, and
shape by successively subjecting the candidate abnormality to hierarchical
tests for anatomical context, size range based on anatomical context, and
shape parameter value range based on anatomical context;
rejecting a candidate abnormality that does not fall into any one of the plurality of
nodule classes; and
presenting on a display device a property of the candidate abnormality based on the

abnormality class to which the candidate abnormality belongs.

2. A non-transitory computer-readable medium as recited in claim 1, wherein
determining whether the candidate abnormality belongs in one of the plurality of abnormality
classes further comprises determining whether the candidate abnormality belongs in one of
the plurality of abnormality classes based also on a type of connection with another feature in

the medical image.

3. A non-transitory computer-readable medium as recited in claim 1, wherein the
candidate abnormalities are candidate nodules in a lung and the anatomical contexts include:
mediastinum for candidate nodules attached to pulmonary vasculature; chest wall for

candidate nodules attached to a chest wall; and, peripheral for remaining candidate nodules.

4. A non-transitory computer-readable medium as recited in claim 1, wherein the
property presented includes a number of voxels of the candidate abnormality that is not
rejected or locations of the voxels of the candidate abnormality that is not rejected or an
identifier for an abnormality class to which the candidate abnormality that is not rejected

belongs or some combination.
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5. A system comprising:
at least one processor; and
at least one memory including one or more sequences of instructions,
the at least one memory and the one or more sequences of instructions configured to, with
the at least one processor, cause the apparatus to perform at least the following,
determining voxels involved with each of a plurality of candidate abnormalities in a
medical image;
determining whether a candidate abnormality belongs in one of a plurality of
abnormality classes based at least on anatomical location context, size, and
shape by successively subjecting the candidate abnormality to hierarchical
tests for anatomical context, size range based on anatomical context, and
shape parameter value range based on anatomical context and size range;
rejecting a candidate abnormality that does not fall into any one of the plurality of
abnormality classes; and
presenting on a display a property of the candidate abnormality based on the

abnormality class to which the candidate abnormality belongs.

6. A method comprising:

determining on a processor voxels involved with each of a plurality of candidate
abnormalities in a medical image;

determining on a processor whether a candidate abnormality belongs in one of a
plurality of abnormality classes based at least on anatomical location context,
size, and shape by successively subjecting the candidate abnormality to
hierarchical tests for anatomical context, size range based on anatomical
context, and shape parameter value range based on anatomical context and
size range;

rejecting on a processor a candidate abnormality that does not fall into any one of the
plurality of abnormality classes; and

presenting on a display device a property of the candidate abnormality based on the

abnormality class to which the candidate abnormality belongs.
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