wo 2015/085320 A1 [N I 0F 00O 0 0 O

(43) International Publication Date

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

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

=

\

11 June 2015 (11.06.2015)

WIPOIPCT

(10) International Publication Number

WO 2015/085320 A1

(51

eay)

(22)

(25)
(26)
(30)

1

(72

74

31

International Patent Classification:
GO6T 7/00 (2006.01) A61B 6/03 (2006.01)
A61B 5/055 (2006.01)

International Application Number:
PCT/US2014/069161

International Filing Date:
8 December 2014 (08.12.2014)

Filing Language: English
Publication Language: English
Priority Data:

61/913,098 6 December 2013 (06.12.2013) US

Applicant: THE JOHNS HOPKINS UNIVERSITY
[US/US]; 3400 North Charles Street, Baltimore, MD
21218 (US).

Inventors: MILLER, Michael 1.; 2506 Stone Mill Road,
Pikesville, Maryland 21208 (US). MORI, Susumu; 9890
Carrigan Drive, Ellicott City, Maryland 21042 (US).

Agent: OSTLER, Trent B.; Venable LLP, P.O. Box
34385, Washington, District of Columbia 20004-9998

(US).

Designated States (unless 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,

(84)

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,
GM, KE, LR, LS, MW, MZ, NA, RW, SD, SL, ST, SZ,
TZ, UG, ZM, ZW), Eurasian (AM, AZ, BY, KG, KZ, RU,
TJ, TM), European (AL, AT, BE, BG, CH, CY, CZ, DE,
DK, EE, ES, FI, FR, GB, GR, HR, HU, IE, IS, IT, LT, LU,
LV, MC, MK, MT, NL, NO, PL, PT, RO, RS, SE, SI, SK,
SM, TR), OAPI (BF, BJ, CF, CG, CI, CM, GA, GN, GQ,
GW, KM, ML, MR, NE, SN, TD, TG).

Declarations under Rule 4.17:

as to applicant'’s entitlement to apply for and be granted a
patent (Rule 4.17(i1))

as to the applicant's entitlement to claim the priority of the
earlier application (Rule 4.17(iii))

of inventorship (Rule 4.17(iv))

Published:

with international search report (Art. 21(3))

(54) Title: METHODS AND SYSTEMS FOR ANALYZING ANATOMY FROM MULTIPLE GRANULARITY LEVELS

Figure 1

(57) Abstract: A method, computer system and computer readable storage medium for searching for one or more images having a
region of interest similar to the region of a subject, including: receiving imaging data comprising a plurality of image elements of the
region of interest of the subject; segmenting the imaging data of the region of interest of the subject into a plurality of sub-regions
corresponding to various structures at a plurality of levels of granularity, the plurality of levels of granularity having a relationship
such that a level of granularity has fewer structures at a lower level of granularity; and calculating at each of the plurality of levels of
granularity an abnormality factor or risk factor for the segmented various structures of said region of interest, to provide a segmented
said region of interest of said subject with at least one ot said abnormality factor or risk factor associated therewith.



WO 2015/085320 PCT/US2014/069161

METHODS AND SYSTEMS FOR ANALYZING ANATOMY FROM MULTIPLE

GRANULARITY LEVELS

CROSS REFERENCE TO RELATED APPLICATIONS
[0001] This application claims priority to U.S. Provisional Patent Application No.
61/913,098 filed December 6, 2013, which is hereby incorporated herein by reference in its

entirety.

STATEMENT OF GOVERNMENT SUPPORT
[0002] This invention was made with Government support of Grant Nos. UL1RR025005,
R21AG033774, NS084957, EB017638, EB015909, and NS058299 awarded by NCRR/NIH
and NTH Roadmap for Medical Research. The U.S. Government has certain rights in this

invention,

TECHNICAL FIELD
[0003] This disclosure relates generally to analyzing anatomy from multiple granularity
levels and more particularly to methods, system, and media for analyzing anatomy from

multiple granularity levels.

BACKGROUND
[0004] Medical imaging such as MRI and CT is playing a crucial role for daily image-based
diagnosis in Radiology. The images are currently visually evaluated by trained physicians
and medical decisions are being made by subjective judgmeﬁts. Currently computational
supports for image reading are used only for limited tissue areas and a vast majority of the

images are evaluated without computational supports.
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[0005] When physicians evaluate anatomy, they have an ability to dynamically control the
level of anatomical granularity they are inspecting. This disclosure is based on our discovery
that this dynamic granularity control is the reason why past computational support could
never approach human’s ability to comprehend anatomy and accurately detect abnormalities
in patients.

[0006] For example, when a radiologist is reading an MR image of a dementia patient, the
doctor first can evaluate the overall brain atrophy. In this case, the size of the entire
hemisphere and the ventricles are evaluated. The brainstem and the cerebellum size could
also be evaluated as a clue for hemispheric-specific atrophy or to rule out the involvement of
the cerebellum, Then the overall status of the cortex, the white matter, and the deep gray
matter structures are evaluated. The inspection continues to smaller granularity levels, in
which atrophy of each lobes and specific gray matter nuclei are evaluated, For example, the
involvement of only the temporal lobe could indicate a specific disease class. Intensity
abnormalities in the white matter could also indicate diffuse axonal injuries. The granularity
level of the visual inspection could also increase substantially when the doctor is seeking for
a certain type of small anatomical signatures; such as the volume loss of the caudate in the
Huntington’s disease or intensity abnormality in the pons for a certain type of ataxia.

[0007] This type of dynamic granularity control has never been implemented and deployed in
the computational diagnosis supports in the past. For quantitative image analysis, the highest
granularity level, which is one voxel, has been historically used. This means, every voxel is
measured and tested for an existence of the abnormality. As being the smallest unit of
imaging, the voxel-based analysis carries the maximum amount of anatomical information
and in theory it is capable of detecting any type of abnormalities; thus evaluation with lower
granularity levels are not necessary. This type of analysis, however, fails to replace human

judgment; a human does not evaluate images in voxel levels. Voxel-based analysis is widely
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used for quantitative analysis of brain MRI. While it provides the highest granularity level of
spatial information (i.e. each voxel), the sheer number of the voxels and noisy information
from each voxel often leads to low sensitivity for abnormality detection. Thus, the primary
reason of the failure is that information from each voxel is noisy and there are too many
voxels.

[0008] To ameliorate this problem, spatial filtering, which effectively makes the voxel size
larger, has been used, leading to decreased granularity levels. However, as granularity is
reduced, information may also be lost. As another means of ameliorating this issue, it is
common to introduce granularity reduction by applying isotropic spatial filtering. However,
again, this type of isotropic reduction of the image granularity level is not what human does;
they control granularity based on anatomy.

[0009] What is needed are methods, systems, and media that analyze anatomy from multiple

granularity levels.

SUMMARY
[0010] Various embodiments are generally directed to gross feature recognition of
anatomical images to overcome the aforementioned problems.
[0011] In one aspect of the invention, a computer-implemented method of segmenting
imaging data of at least one subject, includes receiving imaging data having a plurality of
image elements of a region of interest of the at least one subject; segmenting, using at least
one data processor, the imaging data of the region of interest of the at least one subject into a
plurality of sub-regions corresponding to various structures at a plurality of levels of
granularity, the plurality of levels of granularity having a relationship such that a level of
granularity has fewer structures than at a lower level of granularity; and calculating at each of

the plurality of levels of granularity an abnormality factor or risk factor for the segmented
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various structures of said region of interest, to provide a segmented said region of interest of
said subject with at least one of said abnormality factor or risk factor associated therewith.
[0012] In another aspect of the invention, a computer system for segmenting imaging data of
at least one subject includes a memory storing computer-executable instructions; and at least
one data processor that is coupled to the memory and that is configured to execute the
computer-executable instructions to perform the following steps: 1) receive imaging data
having a plurality of image elements of a region of interest of the at least one subject; 2)
segment the imaging data of the region of interest of the at least one subject into a plurality of
sub-regions corresponding to various structures at a plurality of levels of granularity, the
plurality of levels of granularity having a relationship such that a level of granularity has
fewer structures at a lower level of granularity; and 3) calculate at each of the plurality of
levels of granularity an abnormality factor or risk factor for the segmented various structures
of said region of interest, to provide a segmented said region of interest of said subject with at
least one of said abnormality factor or risk factor associated therewith.

[0013] In another aspect of the invention, a non-transitory computer readable storage medium
for segmenting imaging data of at least one subject, includes instructions that, when executed
by at least one data processor, enable a computing system to: 1) receive imaging data having
a plurality of image elements of a region of interest of the at least one subject; 2) segment the
imaging data of the region of interest of the at least one subject into a plurality of sub-regions
corresponding to various structures at a plurality of levels of granularity, the plurality of
levels of granularity having a relationship such that a level of granularity has fewer structures
at a lower level of granularity; and calculate at each of the plurality of levels of granularity an
abnormality factor or risk factor for the segmented various structures of said region of
interest, to provide a segmented said region of interest of said subject with at least one of said

abnormality factor or risk factor associated therewith.
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[0014] These and other features and advantages will be apparent from a reading of the
following detailed description and a review of the associated drawings. It is to be understood
that both the foregoing general description and the following detailed description are

explanatory only and are not restrictive of aspects as claimed.

BRIEF DESCRIPTION OF THE DRAWINGS
[0015] Embodiments will now be described in connection with the associated drawings, in
which:
[0016] Fig. 1 depicts a template atlas that defines 200 structures.
[0017] Fig. 2 depicts automated segmentation of the brain into 200 structures by applying the
template atlas information.
[0018] Fig. 3 depicts a hierarchical definition of the brain structures with different levels of
granularity.
[0019] Fig. 4 depicts comparison of granularity reduction by isotropic resolution reduction
(upper row) and ontology-based structural reduction (bottom row).
[0020] Figure SA depicts a screenshot of the RoiEditor interface that allows automated
visualization and quantification of the ontology-based multi-granularity image analysis.
[0021] Fig. SB depicts a test-retest analysis of healthy subjects scanned twice, according to
one embodiment.
[0022] Figure 6 shows results of principal component analysis (PCA) using the 254 ROls in
the highest granularity level.
[0023] Figs. 7A and 7B show the anatomical variability at two different granularity levels
(level 1 and 4) of segmentation for the young normal adults.

[0024] Fig. 8 shows “classical” view of anatomical abnormalities of the AD population,
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[0025] Fig. 9 shows an alternative view of the same data at level 5, in which the within-group
data reduction was not performed and the anatomical phenotype of each individual is
delineated using z-scores.

[0026] Fig. 10 shows image-based representation of the multi-granularity analysis of one
PPA patients.

[0027] Fig. 11 shows image-based presentation of three representative PPA cases using T1-
superimposition views at level 5, in which the color-coded z-score information is

superimposed on their T1 weighted images.

DETAILED DESCRIPTION OF THE DRAWINGS
[0028] Some embodiments of the current invention are discussed in detail below. In
describing embodiments, specific terminology is employed for the sake of clarity. However,
the invention is not intended to be limited to the specific terminology so selected. A person
skilled in the relevant art will recognize that other equivalent components can be employed
and other methods developed without departing from the broad concepts of the current
invention. All references cited anywhere in this specification, including the Background and
Detailed Description sections, are incorporated by reference herein in their entireties as if
each had been individually incorporated.
[0029] The term “computer” is intended to have a broad meaning that may be used in
computing devices such as, e.g., but not limited to, standalone or client or server devices.
The computer may be, e.g., (but not limited to) a personal computer (PC) system running an
operating system such as, e.g., (but not limited to) MICROSOFT® WINDOWS®
NT/98/2000/XP/Vista/Windows 7/8/etc. available from MICROSOFT® Corporation of
Redmond, WA, U.S.A. or an Apple computer executing MAC® OS from Apple® of

Cupertino, CA, U,S.A. However, the invention is not limited to these platforms. Instead, the
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invention may be implemented on any appropriate computer system running any appropriate
operating system. In one illustrative embodiment, the present invention may be implemented
on a computer system operating as discussed herein. The computer system may include, e.g.,
but is not limited to, a main memory, random access memory (RAM), and a secondary
memory, etc, Main memory, random access memory (RAM), and a secondary memory, etc.,
may be a computer-readable medium (e.g., a non-transitory computer readable storage
medium) that may be configured to store instructions configured to implement one or more
embodiments and may comprise a random-access memory (RAM) that may include RAM
devices, such as Dynamic RAM (DRAM) devices, flash memory devices, Static RAM
(SRAM) devices, etc.

[0030] The secondary memory may include, for example, (but is not limited to) a hard disk
drive and/or a removable storage drive, representing a floppy diskette drive, a magnetic tape
drive, an optical disk drive, a compact disk drive CD-ROM, flash memory, etc. The
removable storage drive may, e.g., but is not limited to, read from and/or write to a
removable storage unit in a well-known manner. The removable storage unit, also called a
program storage device or a computer program product, may represent, e.g., but is not limited
to, a floppy disk, magnetic tape, optical disk, compact disk, etc. which may be read from and
written to the removable storage drive. As will be appreciated, the removable storage unit
may include a computer usable storage medium having stored therein computer software
and/or data.

[0031] In alternative illustrative embodiments, the secondary memory may include other
similar devices for allowing computer programs or other instructions to be loaded into the
computer system. Such devices may include, for example, a removable storage unit and an
interface. Examples of such may include a program cartridge and cartridge interface (such

as, e.g., but not limited to, those found in video game devices), a removable memory chip
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(such as, e.g., but not limited to, an erasable programmable read only memory (EPROM), or
programmable read only memory (PROM) and associated socket, and other removable
storage units and interfaces, which may allow software and data to be transferred from the
removable storage unit to the computer system.

[0032] The computer may also include an input device may include any mechanism or
combination of mechanisms that may permit information to be input into the computer
system from, e.g., a user, The input device may include logic configured to receive
information for the computer system from, e.g. a user. Examples of the input device may
include, e.g., but not limited to, a mouse, pen-based pointing device, or other pointing device
such as a digitizer, a touch sensitive display device, and/or a keyboard or other data entry
device (none of which are labeled). Other input devices may include, e.g., but not limited to,
a biometric input device, a video source, an audio source, a microphone, a web cam, a video
camera, and/or other camera. The input device may communicate with a processor either
wired or wirelessly.

[0033] The computer may also include output devices which may include any mechanism or
combination of mechanisms that may output information from a computer system. An output
device may include logic configured to output information from the computer system.
Embodiments of output device may include, e.g., but not limited to, display, and display
interface, including displays, printers, speakers, cathode ray tubes (CRTs), plasma displays,
light-emitting diode (LED) displays, liquid crystal displays (LCDs), printers, vacuum
florescent displays (VFDs), surface-conduction electron-emitter displays (SEDs), field
emission displays (FEDs), etc. The computer may include input/output (1/0) devices such as,
e.g., (but not limited to) communications interface, cable and communications path, etc.
These devices may include, e.g., but are not limited to, a network interface card, and/or

modems. The output device may communicate with processor either wired or wirelessly. A
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communications interface may allow software and data to be transferred between the
computer system and external devices.

[0034] The term “data processor” is intended to have a broad meaning that includes one or
more processors, such as, e.g., but not limited to, that are connected to a communication
infrastructure (e.g., but not limited to, a communications bus, cross-over bar, interconnect, or
network, etc.). The term data processor may include any type of processor, microprocessor
and/or processing logic that may interpret and execute instructions (e.g., for example, a field
programmable gate array (FPGA)). The data processor may comprise a single device (e.g.,
for example, a single core) and/or a group of devices (e.g., multi-core), The data processor
may include logic configured to execute computer-executable instructions configured to
implement one or more embodiments. The instructions may reside in main memory or
secondary memory, The data processor may also include multiple independent cores, such as
a dual-core processor or a multi-core processor, The data processors may also include one or
more graphics processing units (GPU) which may be in the form of a dedicated graphics card,
an integrated graphics solution, and/or a hybrid graphics solution. Various illustrative
software embodiments may be described in terms of this illustrative computer system. After
reading this description, it will become apparent to a person skilled in the relevant art(s) how
to implement the invention using other computer systems and/or architectures.

[0035] The term “data storage device” is intended to have a broad meaning that includes
removable storage drive, a hard disk installed in hard disk drive, flash memories, removable
discs, non-removable discs, etc. In addition, it should be noted that various electromagnetic
radiation, such as wireless communication, electrical communication carried over an
electrically conductive wire (e.g., but not limited to twisted pair, CATS5, etc.) or an optical
medium (e.g., but not limited to, optical fiber) and the like may be encoded to carry

computer-executable instructions and/or computer data that embodiments of the invention on
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e.g., a communication network. These computer program products may provide software to
the computer system. It should be noted that a computer-readable medium that comprises
computer-executable instructions for execution in a processor may be configured to store
various embodiments of the present invention.

[0036] An embodiment of the invention tells that the image granularity level has to be
controlled based on anatomy and this describes how it can be achieved.

[0037] In this disclosure, a structure definition file is used. This typically is a structure-
template atlas which contains pre-defined structures, For anatomical reference and
quantitative analysis of medical imaging data, atlases play crucial roles. Inside the atlases,
locations and boundaries of various structures are defined. This knowledge is then applied to
the medical image of interest, For example, given an atlas of the human body, in which 1,000
structures are defined, by applying this knowledge to a whole-body CT image, these 1,000
structures can be defined manually or with computational aid such as warping the atlas to the
image. Once the 1,000 structures are defined, then their volumes can be measured to
characterize the anatomical features of the patient. In some embodiments of the invention, the
term “granularity” is used to describe the level of fineness of defined structures in the atlas. If
10,000 structures are defined, instead of 1,000, the anatomy of the body can be characterized
in more detail. Atlases are usually created as a generic purpose and there is often no a priori
assumption about how it will be used for which pathological states. As such, it is difficult to
pre-determine the most appropriate granularity level of the atlas. In the medical image, the
finest granularity is determined by the imaging voxel. The lowest granularity level is the
entire object of interest. There are almost infinite numbers of granularity levels to choose and
super-structures to create. The proper creation of the hierarchical tables to control the
granularity levels and the generation of various super-structures that consists of multiple

voxels would be a very powerful method to fully exploit the anatomical information encoded
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in medical images. Thus, depending on the medical or biological questions, a cellular analysis
may not always be better than an organ-level analysis to answer a medical question.

[0038] Fig. 1 depicts a template atlas that defines 200 structures. For example, this figure
shows in a first step of one embodiment that a brain image is parcellated into approximately
200 defined structures.

[0039] In the second step of one embodiment, this structural template is applied to another
image of a patient of interest, automatically defining the 200 structures in the patient. This
can be also achieved by preparing multiple template atlases, which are all applied to the
patient image and by performing a population-based labeling of the 200 structures.

[0040] In the third step of one embodiment, the first and second steps can be repeated to
various normal and abnormal brains. From the abnormal brains, we can calculate aggregated
reports such as the average volume and image intensity of each defined structure. Based on
these normal values, we can judge if the values from a patient is statistically abnormal or not.
For example, if we are measuring volumes of the 200 defined structures, we can obtain 200
statistical results, detecting abnormally large or small structures out of the 200 defined
structures.

[0041] Fig. 2 depicts automated segmentation of the brain into 200 structures by applying the
template atlas information. This converts the image information into a 200-element vector,
representing the volumes of all defined structures.

[0042] For example, in this example, a patient brain is parcellated to the 200 structures and
the volume of each structure can be measured. The values can then be compared to normal
values and the abnormally small structures can be highlighted (values three standard
deviations off normal values are indicated by light blue and four standard deviations off are

by dark blue).
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[0043] In the fourth step of one embodiment, the granularity levels can be dynamically
controlled by using a hierarchical relationship table. One of the most natural ways to create a
hierarchical relationship is based on the structural criteria following the development. For
example, the brain can be divided into different numbers of structures as shown below

[0044] Fig. 3 depicts a hierarchical definition of the brain structures with different levels of
granularity.

[0045] In the lowest granularity (Level 1), the brain is defined as one entity and the volume
measurement yields the whole brain volume. In the next level of the granularity, the brain is
separated into five different regions; the total brain volume is divided into five volumes,
which gives the information about the basic proportion of the brain. For example, ataxia
patients would have disproportionally small metencephalon (cerebellum). Likewise, the brain
can be divided into smaller and smaller units as we go down the levels of the hierarchical
tree. In this example, the lowest level (Level 5) contains the information about the volumes of
the 200 structures defined in Fig. 1 and 2.

[0046] An important aspect is that while the information from the lowest level (highest
granularity) has the more amount of information (for example, the largest number of defined
structures, say, 200), the information at the higher level may not be obtained from the lower
level information.

[0047] If we keep increasing the granularity, the highest granularity we can achieve is one
voxel, For example, if we have 1x1x1mm voxel resolution, one brain with 1.2L of volume
would have 1.2 million voxels. Each voxel could serve as one structural unit. One assumption
we can make is, if we examine every single voxel, the entire brain can be examined, and
therefore lower granularity analyses, in which multiple voxels are inevitably combined, is not
necessary. This assumption is not always true because in reality, identification of

corresponding voxels across subject contains inaccuracy and information from each voxel is
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noisy. This leads to the necessity to group and average voxel properties, which would
increase the signal-to-noise. This operation is typically done by applying isotropic spatial
filtering, meaning voxels within a predefined radius are averaged, effectively reducing the
image spatial resolution.

[0048] This disclosure makes clear that, when we group voxels, we should provide
anatomical knowledge and voxels should be grouped based on anatomy. Our Level 5 atlas
provides anatomical knowledge to define structures. As we decrease the granularity (going up
the Levels), multiple structures are combined, which provides different views to examine the
brain anatomy. For example, the “frontal lobe” defined in Level 4 may provide 5% loss of
volumes. This may not be detectable by measuring the volumes of the five constituents of the
frontal lobe in Level 5 because 5% loss is too small to detect in Level 5 due to an expected
increase in the noise in the lower levels. Conversely, the Level 5 analysis can find that the 5%
loss of the frontal lobe is due to 20% volume loss of only one of the five constituents, say,
supetior frontal gyrus, which can provide a more specific view than saying 5% volume loss
of the frontal lobe. In this manner, analysis at different granularity levels can provide
different anatomical views about the anatomical status, compared to the single-level analysis.
[0049] Thus, Figs. 2 and 3 show a computer-implemented method, computer system or
computer readable medium for segmenting a region of interest 102 of a subject. The method
can include receiving imaging data that can include a plurality of image elements of the
region of interest 102 of the subject. The method can also include segmenting, using at least
one data processor, the imaging data of the region of interest of the subject into a plurality of
sub-regions corresponding to various structures 104 at a plurality of levels of granularity, the
plurality of levels of granularity can have a hierarchical relationship such that a level of
granularity has fewer structures than a lower level of granularity. The method can further

include calculating at each of the plurality of levels of granularity an abnormality factor or
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risk factor for the segmented structures of the region of interest 102. In one embodiment, the
structural units can be obtained in a variety of ways, each of the units being defined in a
particular way. Higher-order structures can be defined by combining the parts, and multiple
ways of defining the hierarchy are possible.

[0050] In another embodiment, the method can further include providing at least one
template atlas for the region of interest of the subject. In this embodiment, the various
structures at each level of granularity can be predefined in the at least one template atlas, and
the segmenting can include applying the at least one template atlas to the received imaging
data at each level of granularity. In one embodiment, the received imaging data can be co-
registered to the at least one template atlas. In this embodiment, the structural units can be
pre-defined in the atlases, which are transferred to the imaging data. The scheme of the
hierarchical relationship in one embodiment should be compatible with the pre-defined
structures in the atlases; if the hierarchical relationship is based on structural units A, B, C, D,
these structures need to be defined in the atlases.

[0051] In some embodiments, the plurality of sub-regions corresponding to the various
structures are non-randomly selected, and they can be grouped by a same matter or tissue
(e.g., gray matter, white matter). For example, anatomical features can be used as a reason to
combine the various structures into groups. Thus, the groupings can obey a biological system
(e.g., central nervous system).

[0052] In one embodiment, the at least one template atlas can include at least one of normal
region of interest template data and abnormal region of interest template data. In one
embodiment, for each atlas in the at least one template atlas, the method can include filtering
the image to a granularity of the atlas before co-registering the image to the atlas.

[0053] Further, the segmenting can include applying the received imaging data to the normal

region of interest template data and/or abnormal region of interest template data, Further, the
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calculating can be based on the received imaging data fitting within either the normal region
of interest template data or the abnormal region of interest template data at a statistically
significant level.

[0054] Additionally, the segmenting can include measuring at least one of sizes, shapes and
intensities of the various structures at each level of granularity, and performing population-
based labeling of the various structures to characterize anatomical features of the region of
interest. For example, an anatomical feature can be a characteristic in a leg such as a tissue
size. Suppose a researcher is interested in anatomical features that can predict the risk of a
walking disability due to broken bones in aged populations. After finding 200 clinical data
points in which 40 patients suffered from the walking disability, the researcher can measure
the volumes of all 1,000 defined structures of the 40 patients and compare them to the 160
subjects without walking disability. He can find that the volumes of the several bones in the
legs and the feet were significantly lower,

[0055] In this hypothetical scenario, there is no guarantee that the atlas employed in the study
defines the structure in the way most appropriate for the study. First of all, there are almost
infinite ways to define structures in an atlas. The entire right leg bones can be defined as a
“leg bone” or the four major bones in the leg can be defined separately. Then one part of the
leg bone, say the tibia, can be divided further into smaller units such as the lateral tibia
condyle, the medial tibia condyle, etc. Such sub-divisions can be extended further into
microscopic levels such as intra-bone structures and constituent cells. The more structures are
defined in the atlas, the more anatomical information is added. Going back to the example of
the risk prediction for the walking disability, the volume of the entire leg bone could be a
good marker for the prediction. It is also possible that the loss of bone is a systemic event and
the bone mass of the entire body could be even a better marker, We cannot also deﬁy a

possibility that the “leg volume”, which is the combination of the leg bones and leg muscles,
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would be a better marker, because the amount of the muscle could also be an important factor
for the prediction. Embodiments of the invention points out that anatomical entities (called
“super-structure”) at different granularity levels can be generated by combining smaller
anatomical units and the way super-structures are generated can be guided by hierarchical
tables based on anatomical knowledge. In one embodiment, the anatomical feature can be at
least one of an abnormality, a disease, a condition, a diagnosis, or any combination thereof.
[0056] In one embodiment, the measuring can include measuring at least one of: a mean
intensity of the image elements in the sub-regions; a sum of intensities of the image elements
in the sub-regions; a highest intensity of the image elements in the sub-regions; and a lowest
intensity of the image elements in the sub-regions,

[0057] In one embodiment, the method can further include providing other segmented
imaging data having other structures of regions of interest of other subjects; and identifying a
substantially same region of interest in the other imaging data as the region of interest of the
subject by comparing one or more anatomical features, at multiple levels of granularity, in at
least one of sizes, shapes and intensities of the structures of the segmented imaging data and
the other structures of the other segmented imaging data based on similarities of the
structures and the other structures.

[0058] In one embodiment, the identifying step can use a single feature vector including
measures of intensity of the image elements in the sub-regions. The identifying step can
include comparing the feature vector to one or more feature vectors of the other imaging data.
In one embodiment, the identifying can include the feature vector exceeding a predetermined
threshold. In another embodiment, the identifying further includes incorporating at least one
non-anatomical feature in the mapping,.

[0059] In on embodiment, the at least one non-anatomical feature can include at least one of

diagnosis, functions or other clinical information. Previously, similarity measures or clinical
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correlations were based on the features of the 1 million voxels. However, 1 million voxels of
information is noisy and includes too much data, so many of them are not relevant for
important features. Thus, the hierarchical multi-granularity analysis turns the 1 million voxels
into structures, upon which the subsequent analysis such as searching and correlation can be
performed.

[0060] In one embodiment, the method can further include dynamically controlling the
plurality of levels of granularity using a hierarchical relationship table.

[0061] In another cmbodiment, a structure of a template atlas at a level of the hierarchy can
include structures of a template atlas at a lower level in the hierarchy. Further, an area of the
image can be mapped to different sub-regions corresponding to different structures of
different atlases.

[0062] The imaging data can be generated from at least one of magnetic resonance imaging
(MRI), computed tomography (CT), positron emission tomography (PET), ultrasound, or
nuclear tracer three-dimensional imaging, Further, the region of interest can include at least a
portion of at least one of a brain, a heart, a liver, skin, a lung, another organ, one or more
bones, or any combination thereof.

[0063] Another important point is that the lower level (high-granularity) data is difficult to
connect to human perception. When humans see anatomy, they see anatomical objects from a
high level point of view. For example, when a doctor sees the brain of a patient, he first sees
the status of the entire brain and checks the level of the atrophy. Then s/he examines the gray
and white matter in the five lobes. Quantitative analysis at this level of granularity is
important to connect the low-level (high granularity) information to human’s perception. At
the higher level, it is more straightforward for doctors to appreciate the quantitative results
and connect them to his perception. As he moves to lower levels, the doctor can gradually

rely on more of the quantitative data because it becomes difficult to visually or conceptually

17




WO 2015/085320 PCT/US2014/069161

grasp the quantitative results. The voxel-level (lowest level and highest granularity) results
cannot often be visually confirmed because doctors do not see images in the voxel level. For
an image-analysis product to be accepted in the market, the hierarchical multi-granularity
data analysis and presentation can be important.

[0064] The following discussion of a study illustrates these advantages. In Djamanikova et
al., “Tools for multiple granularity analysis of brain MRI data for individualized image
analysis,” Nueroimage. 2014 Nov 1;101:168-76, we tested our multiple-granularity analysis
using cight Alzheimer’s disease (AD) patients and ten patients in an age-matched control. We
divided the brains into 5 granularity levels, defining 11, 17, 36, 54 and 254 structures in the
brain. With this small number of patients, we did not find structures that were statistically
different between the AD patients and the control subjects when the brains were divided into
36, 54, and 254 structures (high granularity analysis), but structures, such as the
telencephalon, defined in the 11 and 17 labels (lower granularity analysis) could detect
statistically significant volume losses in the patient group. This exemplifies how we can
optimize the structural granularity levels to detect biological events of interest.

[0065] This study proposes a systematic reduction of the spatial information based on
ontology-based hierarchical structural relationships. For example, 254 brain structures were
first defined in multiple (n=29) geriatric atlases and five levels of ontological relationships
were established, which further reduced the spatial dimension as few as 11 structures. The
multiple atlases were then applied to T1-weighted MRT of each subject data for automated
brain parcellation. Then at each ontology level, the amount of atrophy was evaluated,
providing a unique view of low-granularity analysis, This reduction of spatial information
allowed us to investigate anatomical phenotypes of each patient, which were demonstrated

for Alzheimer’s disease and primary progressive aphasia in patients.
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[0066] To analyze images from multiple subjects, identifying anatomically corresponding
locations across the subjects is one of the first steps. A widely used approach is to define
specific target structures, such as the hippocampus, manually, which is called the region-of-
interest (ROI) approach and is considered the gold standard for the neuroanatomical research,
This approach is, however, applicable to only a small portion of the anatomical structures.
For example, with a 1 mm isotropic spatial resolution, a brain with a 1.2 L volume would
have 1.2 million voxels. The hippocampus volume is typically about 4,000 voxels (4 ml),
meaning only 0.3% of the entire voxels are evaluated. Voxel-based analysis is an alternative
analysis, in which correspondence of the entire 1.2 million voxels between two brains are
established automatically (see e.g. [1]). Suppose we have 50 control and 50 patient images,
the entire dataset can be expressed as two matrices of [(50 subjects) x (1.2 million
voxels)]control, Patient. This voxel-vector of (1.2 million voxels) needs to be re-ordered, such
that any arbitrary vector element, say, i voxel of the 1.2 million-element vector, identifies
the same anatomical locations across the 100 subjects. Then, we can contract the 50-element
population dimension to the average and the standard deviations; the two matrices are now
[(average, standard deviation) x (1.2 million voxels)]. The actual measurements can be voxel
intensity (e.g., T2, fractional anisotropy, mean diffusivity) or morphometric parameters such
as Jacobian, representing local atrophy or hypertrophy. This contraction can enable us to
perform t-test at each voxel independently, identifying voxels with significantly different
values between the two populations,

[0067] The voxel-based analysis is powerful because it retains the maximum amount of
location information until the final statistical analysis; the entire brain is examined at the
highest-possible granularity level, i.e., 1.2 million voxels. However, the limitation of this
approach is also widely recognized (see e.g. [2]). First of all, the information each voxel

carries is noisy. This issue is magnified by that fact that there are 1.2 million intricately
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dependent observations. Second, the accuracy of voxel-based registration is often in question
(the 1.2 million voxel-vectors may not be well aligned across subjects). This is especially the
case for two reasons; 1) lack of contrast: the voxel-to-voxel mapping between two
corresponding regions is not accurate if the regions lack contrasts and 2) anatomical
heterogeneity: excessive anatomical variability in certain areas, such as cortical folding,
could prevent us from accurately identifying corresponding voxels between two brains in
such areas. To ameliorate these issues of the high-granularity observation, it is common to
reduce the level of granularity by applying a spatial filter, effectively reducing the image
resolution through voxel-averaging (Fig. 4). Fig. 4 depicts comparison of granularity
reduction by isotropic resolution reduction (upper row) and ontology-based structural
reduction (bottom row).

[0068] In the study, we provide tools using an alternative approach to analyze the
50x1,200,000 matrices based on two concepts. First, in many clinical studies, even if the
patient population is as homogenized as possible by stringent clinical criteria, a considerable
amount of anatomical and, potentially pathological heterogeneity remains. After all, if the
clinical information encodes enough information to purely define the patients with the same
pathology, there would be less need for imaging studies; namely clinical information should
be sufficient to describe the pathology. A primary interest is, therefore, to characterize the
anatomical heterogeneity within a patient group. Namely, different patients may have
abnormalities in different locations. If so, our interest is the first subject dimension (e.g. n =
50) of the matrices and the group-aggregated statistics (reduction of the average and standard
deviation) at each location is no longer an appropriate analysis. This leads us to an
alternative concept, which is the reduction of the second location dimension (n = 1,200,000).
In VBA, this is achieved by spatial filtering. While this remains an effective approach, even

with 83 reduction of the voxel size, the level of granularity remains high (2,300) while
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considerable amount of anatomical information is lost. For further reduction of the location
dimension, anatomy-specific filtering seems a logical approach, in which a large number of
voxels are grouped based on pre-defined anatomical criteria, called atlases.

[0069] This anatomy-specific filtering based on a pre-defined atlas, however, has several
issues. First, the number of defined structures is limited by available image contrasts. T1-
based contrast could define up to several hundred structures. If there are 300 defined
structures, each structure has 4,000 voxels in average. Cor:lpared to VBA, the level of
granularity is substantially low, potentially making the measurement insensitive to highly
localized abnormalities. Second, there are multiple criteria to define structures and,
depending on pathology, different criteria may be used. For example, for vasculature
diseases, brain parcellation based on the vasculature territories may make more sense than
classical ontology-based brain parcellation. Third, the accuracy issues of VBA due to the lack
of the contrasts and cross-subject variability still exist for the structure-based analysis,
although they may influence the results in different ways. Once the voxels are grouped to
define a structure, the location information of each voxel inside the structure can degenerate
and there is no longer a voxel-wise accuracy issue. Instead it may manifest as the accuracy of
the boundary definition.

[0070] In this study, we developed a tool that can flexibly change the granularity level based
on hierarchical relationships of 254 structures defined in our atlas. We tested this tool within
a framework of a multiple-atlas brain parcellation algorithm [3-9]. Using 29 pre-parcellated
atlases, test data were automatically parcellated into the smallest structural units (254
structures). Then, these structures were dynamically combined at five different hierarchical
levels, down to 11 structures [10, 11]. This tool was first applied to a control group to

measure test-retest reproducibility and the normal range of anatomical variability. Then we
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analyzed two groups of dementia populations for demonstration: Alzheimer’s disease (AD)
and primary progressive aphasia (PPA).

[0071] Methods:

[0072] Subjects

[0073] Three study groups were used for this study: young adult and elderly controls, AD
patients, and PPA patients. All studies were approved by the Institutional Review Board of
Johns Hopkins University and written informed consent was obtained.

[0074] Young adult subjects: The database for normal adult subjects was obtained from
previous studies (n = 17, age mean = 31 years old, age range 22 to 49 years old) [12], in
which each subject was scanned twice two weeks apart. Scan parameters are MPRAGE,
matrix 256x256, FOV 256 mm x256 mm, slice thickness 1.2 mm, TE 3.15 ms, and TR
6.747ms. These data were used to measure test-retest precision of the method and anatomical
variability within the young normal subjects.

[0075] Alzheimer’s disease (AD) patients and eldetly controls: We used AD and elderly data
from a study of a well-characterized group of individuals conducted by the Johns Hopkins
Alzheimer’s Disease Research Center (ADRC), with written informed consent in accordance
with the requirements of the Johns Hopkins Institutional Review Board and the guidelines
endorsed by the Alzheimer’s Association [13]. Detailed demographics, health, clinical
features, and initial findings were reported previously [14]. Briefly, the study sample
comprised 8 patients (mean age, 75.6) who met NINCDS/ADRDA criteria for AD [15] and
had a Clinical Dementia Rating (CDR) of 1 and 10 individuals (mean age, 74.3) who were
cognitively normal and had a CDR=0 (normal controls or NC). The demographic
characteristics of the subjects were as follows: AD-—mean age = 75.6 years, mean education
=15.7 years, male/female = 5/3 and NC—mean age = 74.3, mean education = 16.2 years,

male/female = 3/7. Subjects were excluded from enrollment if they were under the age of 55,
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had a history of a neurological disease other than AD, or a history of major psychiatric
illness. As previously described [14], there were no differences among these groups with
regard to age, sex, race, education, and the occurrence of vascular conditions, such as
hypertension, hypercholesterolemia, and heart attack. Written, informed consent was
obtained under the oversight of the Johns Hopkins Institutional Review Board using
guidelines of the Alzheimer’s Association [13]. MPRAGE scan was conducted according to
the protocol of the Alzheimer's Disease Neuroimaging Initiative (ADNI) [16], with an echo
time of 3.2 ms and a repetition time of 6.9 ms. The imaging matrix was 256 x 256, with a
field of view of 240 x 240 mm, zero-filled to 256 x 256 mm and a sagittal slice thickness of
1.2 mm

[0076] Primary progressive aphasia (PPA) subjects: n=6, mean age = 70 years old, age range
56 to 84 years, Scan parameters are MPRAGE, matrix 256x256, FOV 230mmx230mm, slice
thickness 1mm, axial, TE 6ms, and TR 10ms and MPRAGE, matrix 256x256, FOV
212mmx212mm, 1.1mm slice thickness, axial, TR 8.436ms, TE 3.9ms. The participants with
PPA were seen in one of the author's (A.H.) outpatient cognitive neurology clinic at the Johns
Hopkins Hospital and agreed to participate with written informed consent in accordance with
the requirements of the Johns Hopkins Institutional Review Board. They were diagnosed with
PPA on the basis of having a predominant and progressive deterioration in language in the
absence of major change in personality, behavior or cognition other than praxis for at least
two years (Mesulam, M. M. (1982). Slowly progressive aphasia without generalized
dementia Annals of Neurology 11, 592-598).

[0077] Atlas inventory:

[0078] In this study, we used multiple atlases (JHU T1 Geriatric Multi-Atlas Inventory) to
perform automated brain parcellation. This atlas inventory is designed for geriatric patient

populations with potential brain atrophy. The data were based on a portion of the AD/Elderly

23




WO 2015/085320 PCT/US2014/069161

population described above; AD patients (n = 15, age mean = 73 years old, age range 56 to
80 years old) and normal elderly controls (n = 14, age mean = 75 years old, age range 60 to
80 years old). These images were parcellated into 254 structures defined in our JHU brain
atlas (Eve atlas) [17-19]. This single-subject atlas was initially warped to the 29 multiple
atlases using a method described by Djamanakov et al [20], followed by manual corrections
for mislabels.

[0079] Image processing

[0080] The multiple-atlas brain parcellation followed the following steps:

[0081] All T1-WIs were bias corrected and skull-stripped using SPMS (The Wellcome Dept.
of Imaging Neuroscience, London; www.fil.ion.ucl.ac.uk/spm). After initial linear alignment,
all atlases were warped to the subject image using Large Deformation Diffeomorphic Metric
Mapping (LDDMM) [19, 21, 22]. The transformation matrix was then applied to the co-
registered parcellation maps of each atlas. The details of the multi-atlas fusion algorithm used
in this study are described in our previous publication [23]. Briefly, let A be a set of atlases,
with manual labels A = (I, W), where I denotes the gray-scaled T1-WI and W denotes the
manual segmentations of 1. Given a to-be-segmented subject with image intensity, I of the
subject, at voxel i modeled as conditional Gaussian random field, conditioned on the
unknown atlas and the corresponding unknown diffeomorphism. The algorithm for
segmentation iterates atlas selection and diffeomorphism construction as a variant of the
expectation-maximization method. Define the Q-function as the conditional expectation of
the complete-data log-likelihood according to:

[0082] Q(W; W) = E{logp(I,W|4) | W} = ;34 Pa(all, W) logp(, Wla).
[0083] where the sum is obtained over all voxels i and atlases a. Then the sequence of iterates
W(1), W(2), ..., is defined by the iteration:

[0084] W™ = argmax Q(W; W°'?)
w
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[0085]

[0086] whose calculation is alternated with the calculations of the conditional probabilities
Py, (all, WO'). Py (all, wold) is derived from the conditional mean of the indicator function
and encodes the set of atlases being selected in the interpretation [24].

[0087] Ontology-based multi-granularity analysis using RoiEditor:MriStudio

[0088] Analyses were performed using the final parcellations [ the native space of the
subjects. The 254 structures defined in the parcellation map were assigned a hierarchical
relationship based on their ontological relationship as tabulated in Table 1. This relationship
consists of five hierarchical levels. As the level goes up, the granularity of structural
definition increases as; 11 - 17 - 36 — 54 - 254, This relationship is implemented in RoiEditor
(X. Li, H. Jiang, and S. Mori, Johns Hopkins University, www.mristudio.org) as shown in
Figs. 4 and 5. Fig. 5 depicts a screenshot of the RoiEditor interface that allows automated
visualization and quantification of the ontology-based multi-granularity image analysis. As
the brain is parcellated to the multi-level structures, the sizes of all structures are calculated
automatically using this software. It is important to note that only one parcellation was done
for each subject, at the highest granularity level. The subsequent reparcellation to different
granularity levels was achieved by the recombination of individual ROIs to create new larger
ROIs as defined by the various levels of granularity. The hierarchical relationship can also be
user-defined through the text file.

[0089] Test-retest measurements of multi-atlas segmentation:

[0090] To test the test-retest reproducibility of the whole-brain multi-atlas parcellation
method, the data from the twice scanned young adult subjects (n=17) were utilized. The
volume data was compared for all regions of each subject across the two scans. From this
dataset, the test-retest reproducibility for each subject was measured. In addition, anatomical

variability among the 17 normal subjects was measured. The test-retest measurement
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precision and the anatomical variability were then compared using a principal component
analysis.

[0091] Characterization of anatomical phenotypes of AD and PPA patients:

[0092] To characterize anatomical phenotypes of AD and PPA patients, multi-atlas
segmentation was performed on all patients and the multi-granularity-level analysis was
performed. The anatomical feature of each patient was presented by z-scores based on the
age-matched control data.

[0093] 4.3 Results:

[0094] Test-retest reproducibility:

[0095] The test-retest variability (percent volume difference) across all ROIs between the
two scans was found to be 2.6% + 1.7%, 1.7% * 1%, 1.4% + .7%, 1.5% + 0.7%, 1.5% +
0.9% for the five different granularity levels. Fig, 5B is a plot of test-retest analysis using 17
healthy subjects, scanned twice. The variability between scans 1 and 2 is plotted as a percent
of ROI size for each ROI measured at three highest granularity levels. The x-axis is the size
of the structures in voxels (logl10). Fig. 5B shows the relationship between the variability and
the size of the parcellation at three different granularity levels (Levels 3, 4, 5). A clear inverse
relation can be seen, in which the variability increases drastically for structures less than 1000
voxels, while most of the structures larger than 1000 voxels have a small amount of
variability (<2%). At Level 4, there are only two structures that are less than 1000 voxels in
size and none in Levels 1-3. Consequently, the improvement in the averagé test-retest
variability for Levels 1-4 was negligible.

[0096] Figure 6 shows results of principal component analysis (PCA) using the 254 ROIs in
the highest granularity level. The plot based on the first three principal components clearly

isolates anatomical features of the 17 normal subjects with respect to the test-retest
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variability, suggesting the test-retest precision of this approach is high enough to characterize
anatomical phenotypes of the normal population.

[0097] Anatomical variation among the normal subjects:

[0098] Figs. 7A and 7B show the anatomical variability at two different granularity levels
(level 1 and 4) of segmentation for the young normal adults. A few things to note are: 1) the
lateral ventricles are the most variable features within normal adult populations, given that
the average level of variability is at ~40% and 2) as level of granularity increases (and thus
each defined structure becomes smaller), the variability tends to increase, which could be the
combination of true anatomical variability and reduction of parcellation accuracy. For
example, in level 1, the left telencephalon shows variability of 2.6% in the normal population.
At level 2, regions that comprise the left telencephalon are the left cerebral cortex, the
cortical nuclei, and the white matter (see Table 1). Their average variability was 4.0%.
Further breaking down these regions into smaller subregions (i.e. the cortex is divided into
the frontal, parietal, temporal, limbic, and occipital cortices) at level 3, the average variability
at this level is 5.8%. This indicates the general trade-off between finer localization
information and measurement precision. We can expect that the higher granularity levels, in
general, provide more information about the local shape variability. For example, the Level 4
data suggest that the large population variability of the ventricle seen in Level 1 is mostly due
to the large variability of the anterior and posterior lateral ventricles, while the third and
fourth ventricles have much less variability.

[0099] Comparison of AD and age-matched control groups

[0100] Fig. 8 shows the “classical” view of anatomical abnormalities of the AD population.
The graphs show that, at the lowest granularity level, a statistical difference was found at the
ventricles (hypertrophy) and telencephalon and diencephalon (atrophy) between the AD and

NC populations. As the granularity level increases, a more detailed view of the tissue atrophy
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can be obtained. At level 4, 20 structures reached statistical significance (p<0.05) between the
two groups. However, after a Bonferroni multiple comparison correction, none of the regions
from levels 3-5 were significantly different (p<0.05).

[0101] Individual views of anatomical phenotype

[0102] Fig. 9 shows an alternative view of the same data at level 5, in which the within-group
data reduction was not performed and the anatomical phenotype of each individual was
delineated using z-scores. In this analysis, we first calculated the average and standard
deviations of the volume of each structure from the age-matched controls first and then
calculate the z-score. None of the structures in the control group reached z-score higher or
lower than 2, On the other hand, many “relatively” atrophic (indicafed by pink) and
hypertrophic (indicated by green) structures exist in the AD group. For example, the
ventricles stand out as regions where many AD patients deviate substantially from the mean.
However, as shown in the two example cases shown in Fig. 6, the anatomical variability
within the AD population is striking. Even with this AD population with stringent inclusion
criteria, the structure-by-structure population averaging could lead to: 1) loss of important
patient specific anatomical features and 2) lower sensitivity due to inclusion of patients with
abnormalities at different anatomical locations,

[0103] Compared to the AD population, we expect even further within-group anatomical
variability in the PPA population; these patients have been diagnosed under the umbrella
term, primary progressive aphasia, based on their cognitive symptoms, specifically language
memory deficits, which is known to contain various pathological mechanisms. Fig. 10 shows
image-based representation of the multi-granularity analysis of one PPA patients. In this
patient, the level 1 granularity analysis reveals relative size difference between the two
hemisphere (the left hemisphere is smaller). As the level 2 analysis indicates lobar-level

anatomical features, indicating temporal atrophy. The highest granularity level (level 5)
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indicates global atrophy of the left cortex and associated white matter regions, while the
temporal lobe has the most severe atrophy. Fig, 11 shows image-based presentation of three
representative PPA cases using T1-superimposition views at level 5, in which the color-coded
z-score information is superimposed on their T1 weighted images. At a glance, we can
appreciate that Patient #1 has global cortical atrophy in both hemisphere. In Patient #2,
atrophy is highly focal at the left temporal lobe.

[0104] 4.4 Discussion:

[0105] Tradeoff between granularity and variability

[0106] The measurements of test-retest reproducibility of our automated brain parcellation by
a multi-atlas approach indicated that the measurement precision was high with respect to
anatomical variability among the normal subjects (Fig. 6). The test-retest precision becomes
lower as the granularity increases, and at the highest granularity level, the reproducibility was
2.6 +/- 1.7% for all 254 measured structures. There can also be a tendency for the amount of
anatomical variability among the young normal subjects to increase as the granularity
increases (Fig. 7). This is probably due to the mixture of real anatomical variability and
decreased level of measurement precision, In PCA (Fig. 5B), we calculate total variance of
two measurements of the 17 subjects. This variance contains scanning reproducibility (test-
retest), automated segmentation errors, cross-subject variability, and other sources of
variability. PCA attempts to find sources of variability in the measurements and determines
three most dominant sources, which, in this case, accounts for 65.9% of the total variance.
The three axes are the combination of measured structures and thus do not have immediate
anatomical meaning. What is important is that the two repeated measurements were naturally
clustered in the PCA space with respect to the cross-subject variability. Therefore, we can
conclude that reproducibility of the automated quantification method is high compared to

expected amount of cross-subject variability.
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[0107] The multi-granularity analysis was also applied to a well-characterized AD population
and an age-matched control group. Our study sample size was small to draw a solid
conclusion about anatomical abnormalities in this AD cohort but there are several findings.
First, from the test-retest reproducibility and the anatomical variability among the normal
population, the statistical power to detect the group difference diminishes as the granularity
increases. The lower granularity analysis could detect statistical differences after multiple-
comparison correction, but the findings lack detailed biological insights into the AD
pathology; for example, the level 1 analysis simply tells us the AD population has brain tissue
atrophy and enlarged ventricles. On the other hand, if hypothesis-driven measurements of, for
example, hippocampal volumes of an AD population suggest 10% volume loss and,
simultaneously, our low-granularity analysis suggests 10% volume loss of the entire gray
matter, the conclusion that “hippocampal volume is different in AD population compared to
the control population” may be misleading because it singles out one structure as opposed to
the entire gray matter. Thus it is important to analyze not only structures of interest, but also
their substructures, and greater areas to which the structures belong. From the same T1 data
sets, different granularity levels offer multiple options to analyze the data with different
statistical power and the different amount of anatomical specificity. From the specificity
point of view, one could argue the sensitivity of analysis is at the highest when the
granularity level matches the spatial extent of the abnormality; we may lose the sensitivity
when the defined structures are too large (thus includes non-affected regions) or too small
(divides the atrophic areas into too many regions).

[0108] Brain parcellation criteria

[0109] The above argument may lead to a fundamental question to all parcellation-based
image analysis; “are we parcellating the brain with proper anatomical criteria?” For example,

we know that the distribution of ischemic areas follow vasculature territories, but not the
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tissue type. If our interest is to find the affected vasculatures, the atlas we employed, which is
based on tissue types, may not be appropriate. On the other hand, if we want to identify brain
structures and associated functions which are affected by an infarction, a parcellation scheme
that represents brain functional distribution would be needed.

[0110] The multi-granularity parcellation scheme we offer is based on the brain ontology
used by the atlas by Mai et al as well as Allen Brain Institute. Here our assumption is the
evolutionarily-conserved ontology-based anatomical definition is one of the most suitable
ways to represent brain anatomy and functions. However, there exist multiple ontology
definitions in the brain, and thus our scheme cannot be considered as the gold standard. As a
matter of fact, our ontology is often not compatible with structural definitions with which we
are most familiar, For example, in radiological descriptions, we often define the brain
constituents as the cortex, the white matter, the deep gray nuclei, the brainstem, and the
cerebellum. The brainstem is further divided into the midbrain, the pons, and the medulla,
However, classical ontology divides it into the mesencephalon, metencephalon, and
myelencephalon, in which the mesencephalon includes the pons and the cerebellum together.
In many ataxia patients, atrophy often occurs in the pons and the cerebellum together and for
a low granularity analysis, the classical ontology-based analysis could be more appropriate,
but there is certainly a large degree of freedom in defining hierarchical relationship of the
brain structures.

[0111] There are several important issues related to this topic. First of all, when we define
ontology-based atlases, the criteria to parcellate the brain and the way we define hierarchical
relationships are two different issues, The former could lead to multiple structural definitions
which are mutually exclusive. For example, the same brain could be parcellated based on
tissue type, classical brain structural definitions, vasculature territories, cytoarchitectures,

distribution of specific receptors, etc. The latter is a question of how to combine structures
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defined in the highest granularity levels (in our case, 254 structures) and establish a
hierarchical relationship. For the latter issue, RoiEditor provides a flexible interface to
incorporate user-defined hierarchical relationships through the ontology table shown in Table
1.

[0112] The latter is also possible if users have their own brain parcellation maps. However,
while the latter issue (how to combine structures and build an ontology relationship) is purely
an issue of image analysis AFTER the image parcellation at the highest granularity is
complete, the former issue is related to how we should parcellate the image to begin with.
This issue is discussed more in detail in the next section,

[0113] One interesting question is what defines the highest granularity level: Why does our
parcellation map not contain more than 254 structures? The parcellation criteria is not always
exact science and arbitrary judgment is involved. However, it is generally driven by available
image contrast. For example, the whole hippocampus is defined as one structure, even though
we know that the hippocampus consists of many substructures, This is because we lack both
resolution and contrast to sub-divide the hippocampus using conventional MRI of live human
subjects. As a matter of fact, because our parcellation map was created based on T1, T2, and
DTI contrasts, there are certain structures that are delineated in the atlas, but are invisible in
T1-weighted images. For example, the pons area is divided into the middle cerebellar
peduncle, the corticospinal tract, and the medial lemniscus, which are clearly identifiable by
DTI but not in T1. Therefore, T1-weighted imaging may not have ability to detect atrophy
specific to the corticospinal tract. While this level of structural granularity is relevant for DTI,
they may not be reliable for T1. Therefore, the usage and interpretation of the multi-level
granularity analysis requires anatomical knowledge. This issue is, however, not specific to
our multi-level granularity analysis and can be applied to voxel-based analysis in general.

[0114] Multi-atlas approach
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[0115] In this study, we employed our mul‘ti-atlas brain parcellation approach, called
Diffeomorphic Probability Fusion (DPF), because we found it is generally more accurate than
a single-atlas approach. However, both approaches operate under the same concept: 1) all
voxels of the atlases are mapped to the corresponding voxels in a patient based on image
transformation, 2) the brain structures are defined in the atlases as “parcellation map”, and 3)
the parcellation maps are then transferred to the patient using the transformation results from
step 1). If we have only one atlas, this is a single-atlas approach. If we have multiple atlases,
multiple parcellation maps are cast to a patient brain and a fusion process is required to
combine the multiple maps. Our ontology-based analysis is independent to how the brain is
parcellated and can be combined to the both approaches.

[0116] In the previous section, the issue of brain parcellation criteria was discussed. For
example, we have four different types of the parcellation maps in our single-subject atlas
called “Eve Atlas”: the tissue type map used in this study, vasculature map, resting-state
functional connectivity map, and cytoarchitectonic map. If a single-atlas approach is used,
application of these different brain parcellation criteria is straightforward; we simply need to
apply the transformation matrix to any parcellation maps of interest and warp the maps to the
patient data readily. This concept can also be easily applied to the multi-atlas approach but,
practically, preparing multiple atlases with multiple parcellation maps is a time consuming
step that requires an extensive amount of manual work. Currently we offer 29 geriatric atlases
with the 254 structural definitions, Other parcellation criteria such as the vasculature
territories are not available at this moment.

[0117] Individualized analysis

[0118] A big motivation to use the low-granularity analysis, as opposed to the voxel-based
analysis is that the large reduction of spatial information from 1.2 million voxels to a mere

11-254 structures allows us to evaluate anatomical phenotypes of individual patients as
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shown in Figs. 9 — 11, In the high-granularity analysis such as voxel-based analysis, it is
common to contract the population dimension and average all patient information for each
individual voxel. This approach increases the statistical power only when the entire
population shares the abnormality at similar locations. This is why homogenization of
pathology within a patient population through stringent inclusion criteria is vital. Our
preliminary analysis of the AD population, however, revealed highly heterogeneous
anatomical features (Fig. 9). The situation is far worse for the PPA population, which is
known to contain multiple pathological conditions (Fig. 10 and 11). In these situations, we
cannot consider MRI as a tool to conclude the pathological phenotype of the patient
population as a biomarker. Like many other clinical information, it is one of the weakly
discriminating factors of the patient conditions. If this is the case, the task of this ontology-
based analysis is to compress the 1.2 million spatial dimension into a much smaller and
standardized format, while, much like what jpeg file does to photography, losing a minimum
amount of pathology information, This is an important step, if we want to combine MRI-
based anatomical features with non-image clinical information such as demography, life
style, clinical symptoms, lab tests, etc., to improve our ability to stratify the heterogeneous
patient groups or predict the outcomes.

[0119] Conclusion

[0120] In this study, we introduced a new concept of low-granularity anatomical analysis
based on ontology-based hierarchical relationships of the brain structures. We combined this
analysis with a multi-atlas parcellation approach and applied to T1-weighted brain MRI for
brain atrophy analysis. Test-retest reproducibility was high. The anatomical variability of the
normal population was measure at five different granularity levels, which could be used as an
estimate of power calculation. This approach was then applied to AD and PPA populations.

The potential of this approach to perform individual-based anatomical analysis was
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discussed. The proposed approach was integrated into RoiEditor for automated multi-
granularity analyses.

[0121] It is important to note that the information captured at each level of the hierarchy may
be represented using a single feature vector. For example, the information depicted in Figs.
7A and 7B may be stored in the same feature vector as information about levels 2, 3, and 5.
Then, the feature vector, or any other data structure capable of storing such information, may
be compared with one or more other feature vectors (or any other data structure(s) capable of
storing such information), to determine whether the information is similar enough. Similarity
may be measured in a variety of ways, such as by meeting certain confidence intervals in
statistical methods, etc.

[0122] Additionally or alternatively, the information captured at each level of the hierarchy
may be represented using a single feature matrix. For example, the information depicted in
Figs. 7A and 7B may be stored in the same feature matrix as information about levels 2, 3,
and 5. The matrix may be able to hold the same information as feature vectors, and may hold
a series of feature vectors, e.g. those representing measurements of a subject taken over
different periods of time. Thus, the matrix may be able to represent progression of
anatomical characteristics over time. Just as feature vectors may be compared to find other
similar feature vectors, matrices may be compared to find other similar feature matrices, e.g.
patients who have similar disease progressions over time. Although these features are
discussed in terms of matrices, it should be appreciated any other data structure capable of
storing such information could be used, e.g. a feature vector.

[0123] A computing device may perform certain functions in response to a processor
executing software instructions contained in a computer-readable medium, such as a memory.
In alternative embodiments, hardwired circuitry may be used in place of or in combination

with software instructions to implement features consistent with principles of the disclosure.
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Thus, implementations consistent with principles of the disclosure are not limited to any
specific combination of hardware circuitry and software,

[0124] Exemplary embodiments may be embodied in many different ways as a software
component, For example, it may be a stand-alone software package, a combination of
software packages, or it may be a software package incorporated as a "tool" in a larger
software product. It may be downloadéble from a network, for example, a website, as a
stand-alone product or as an add-in package for installation in an existing software
application. It may also be available as a client-server software application, or as a web-
enabled software application. It may also be embodied as a software package installed on a
hardware device.

[0125] Numerous specific details have been set forth to provide a thorough understanding of
the embodiments. It will be understood, however, that the embodiments may be practiced
without these specific details. In other instances, well-known operations, components and
circuits have not been described in detail so as not to obscure the embodiments. It can be
appreciated that the specific structural and functional details are representative and do not
necessarily limit the scope of the embodiments.

[0126] It is worthy to note that any reference to "one embodiment" or "an embodiment"
means that a particular feature, structure, or characteristic described in connection with the
embodiment is included in at least one embodiment. The appearances of the phrase "in one
embodiment" in the specification are not necessarily all referring to the same embodiment.
[0127] Although some embodiments may be illustrated and described as comprising
exemplary functional components or modules performing various operations, it can be
appreciated that such components or modules may be implemented by one or more hardware
components, software components, and/or combination thereof. The functional components

and/or modules may be implemented, for example, by logic (e.g., instructions, data, and/or
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code) to be executed by a logic device (e.g., processor). Such logic may be stored internally
or externally to a logic device on one or more types of computer-readable storage media.
[0128] Some embodiments may comprise an article of manufacture. An article of
manufacture may comprise a computer readable storage medium to store logic. Examples of a
computer readable storage medium may include one or more types of computer-readable
storage media capable of storing electronic data, including volatile memory or non-volatile
memory, removable or non-removable memory, erasable or non-erasable memory, writeable
or re-writeable memory, and so forth. Examples of storage media include hard drives, disk
drives, solid state drives, and any other tangible or non-transitory storage media.

[0129] It also is to be appreciated that the described embodiments illustrate exemplary
implementations, and that the functional components and/or modules may be implemented in
various other ways which are consistent with the described embodiments. Furthermore, the
operations performed by such components or modules may be combined and/or separated for
a given implementation and may be performed by a greater number or fewer number of
components or modules.

[0130] Some of the figures may include a flow diagram. Although such figures may include a
particular logic flow, it can be appreciated that the logic flow merely provides an exemplary
implementation of the general functionality, Further, the logic flow does not necessarily have
to be executed in the order presented unless otherwise indicated. In addition, the logic flow
may be implemented by a hardware element, a software element executed by a processor, or
any combination thereof.

[0131] While various exemplary embodiments have been described above, it should be
understood that they have been presented by way of example only, and not limitation. Thus,

the breadth and scope of the present disclosure should not be limited by any of the above-
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described exemplary embodiments, but should instead be defined only in accordance with the
following claims and their equivalents.
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CLAIMS

L. A computer-implemented method of segmenting imaging data of at least one subject,
comprising:

receiving imaging data comprising a plurality of image elements of the region of
interest of the at least one subject;

segmenting, using at least one data processor, the imaging data of the region of
interest of the at least one subject into a plurality of sub-regions corresponding to various
structures at a plurality of levels of granularity, the plurality of levels of granularity having a
relationship such that a level of granularity has fewer structures at a lower level of
granularity; and

calculating at each of the plurality of levels of granularity an abnormality factor or
risk factor for the segmented various structures of said region of interest, to provide a
segmented said region of interest of said subject with at least one of said abnormality factor
or risk factor associated therewith.
2. The method of claim 1, further comprising:

providing at least one template atlas for said region of interest of the at least one
subject,

wherein the various structures at each level of granularity are predefined in said at
least one template atlas, and

wherein said segmenting includes applying said at least one template atlas to said
received imaging data at each level of granularity.
3. The method of claim 2, further comprising:

co-registering said received imaging data to said at least one template atlas.

4. The method of claim 2, wherein the segmenting includes:
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measuring at least one of sizes, shapes and intensities of the various structures at each
level of granularity, and

performing single-subject or population-based labeling of the various structures to
characterize anatomical features of the region of interest.
5. The method of claim 4, wherein the measuring includes measuring at least one of:

a mean intensity of the image elements in each sub-region;

a sum of intensities of the image elements in each sub-region;

a highest intensity of the image elements in each sub-region; and

a lowest intensity of the image elements in each sub-region.
6. The method of claim 4, further comprising:

providing other segmented imaging data having other structures of regions of interest
of other subjects; and

identifying a substantially same region of interest in the other imaging data as the
region of interest of the at least one subject by comparing one or more anatomical features, at
multiple levels of granularity, in at least one of sizes, shapes and intensities of the structures
of the segmented imaging data and the other structures of the other segmented imaging data
based on similarities of the structures and the other structures, to associate said abnormality
factor ’or risk factor with said identified region of interest of said other imaging data.
7. The method of claim 6, wherein the identifying uses a single feature vector
comprising measures of intensity of the image elements in the sub-regions.
8. The method of claim 7, wherein the identifying includes comparing the feature vector
to one or more feature vectors of the other imaging data.
9. The method of claim 7, wherein the identifying includes the feature vector exceeding

a predetermined threshold.
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10.  The method of claim 6, wherein the identifying further includes incorporating at least
one non-anatomical feature in the mapping.
11, The method of claim 10, wherein the at least one non-anatomical feature includes at
least one of diagnosis, functions or other clinical information.
12. The method of claim 6, wherein the anatomical feature is at least one of an
abnormality, a disease, a condition, a diagnosis, or any combination thereof,
13, The method of claim 3, further comprising:

for each atlas in the at least one template atlas, filtering the imaging datato a
granularity of the atlas before co-registering the imaging data to the atlas.
14, The method of claim 2, wherein:

the at least one template atlas includes at least one of normal region of interest
template data and abnormal region of interest template data,

the segmenting includes applying the received imaging data to said normal region of
interest template data and/or abnormal region of interest template data, and

the calculating is based on the received imaging data fitting within either the normal
region of interest template data or the abnormal region of interest template data at a
statistically significant level.
15.  The method of claim 1, further comprising dynamically controlling the plurality of
levels of granularity using a hierarchical relationship table.
16.  The method of claim 1, wherein a structure of a template atlas at a level of the
hierarchy comprises structures of a template atlas at a lower level in the hierarchy.
17. The method of claim 1, wherein an area of the imaging data is mapped to different

sub-regions corresponding to different structures of different atlases.
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18.  The method of claim 1, wherein the image is generated from at least one of magnetic
resonance imaging (MRI), computed tomography (CT), positron emission tomography
(PET), ultrasound, or nuclear tracer three-dimensional imaging.

19.  The method of claim 1, wherein the region of interest comprises at least a portion of
at least one of a brain, a heart, a liver, skin, a lung, another organ, one or more bones, or any
combination thereof.

20.  The method of claim 1, wherein an image element of the plurality of image elements
is placed into at least two of the sets of sub-regions.

21.  The method of claim 1, wherein the plurality of image elements are pixels or voxels
and wherein the relationship is hierarchical.

22. A computer system for searching for one or more images having a region of interest

similar to the region of a subject, the computer system comprising:

a memory storing computer-executable instructions; and
at least one data processor that is coupled to the memory and that is configured to

execute the computer-executable instructions to:

receive imaging data comprising a plurality of image elements of the region of
interest of the at least one subject;

segment the imaging data of the region of interest of the at least one subject
into a plurality of sub-regions corresponding to various structures at a plurality of levels of
granularity, the plurality of levels of granularity having a relationship such that a level of

granularity has fewer structures at a lower level of granularity; and

calculate at each of the plurality of levels of granularity an abnormality factor

or risk factor for the segmented various structures of said region of interest, to provide a
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segmented said region of interest of said subject with at least one of said abnormality factor

or risk factor associated therewith.

23.  The computer system of claim 22, wherein the at least one data processor is further
configured to the computer-executable instructions to:

provide at least one template atlas for said region of interest of the at least one subject,

wherein the various structures at each level of granularity are predefined in said at
least one template atlas, and

wherein said segmenting includes applying said at least one template atlas to said
received imaging data at each level of granularity.
24, The computer system of claim 23, further comprising instructions that, when executed
by the at least one data processor, is configured to:

co-register said received imaging data to said at least one template atlas.
25.  The computer system of claim 23, wherein the segmenting includes:

measuring at least one of sizes, shapes and intensities of the various structures at each
level of granularity, and

performing single-subject or population-based labeling of the various structures to
characterize anatomical features of the region of interest.
26.  The computer system of claim 25, wherein the measuring includes measuring at least
one of:

a mean intensity of the image elements in each sub-region;

a sum of intensities of the image elements in each sub-region;

a highest intensity of the image elements in each sub-region; and

a lowest intensity of the image elements in each sub-region.
27. The computer system of claim 25, further comprising instructions that, when executed

by the at least one data processor, is configured to:
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provide other segmented imaging data having other structures of regions of interest of
other subjects; and

identify a substantially same region of interest in the other imaging data as the region
of interest of the at least one subject by comparing one or more anatomical features, at
multiple levels of granularity, in at least one of sizes, shapes and intensities of the structures
of the segmented imaging data and the other structures of the other segmented imaging data
based on similarities of the structures and the other structures, to associate said abnormality
factor or risk factor with said identified region of interest of said other imaging data.
28.  The computer system of claim 27, wherein the identifying uses a single feature vector
comprising measures of intensity of the image elements in the sub-regions.
29.  The computer system of claim 28, wherein the identifying includes comparing the
feature vector to one or more feature vectors of the other imaging data.
30. The computer system of claim 28, wherein the identifying includes the feature vector
exceeding a predetermined threshold.
31.  The computer system of claim 27, wherein the identifying further includes
incorporating at least one non-anatomical feature in the mapping.
32, The computer system of claim 31, wherein the at least one non-anatomical feature
includes at least one of diagnosis, functions or other clinical information.
33.  The computer system of claim 27, wherein the anatomical feature is at least one of an
abnormality, a disease, a condition, a diagnosis, or any combination thereof,
34, The computer system of claim 24, further comprising instructions that, when executed
by the at least one data processor, perform:

for each atlas in the at least one template atlas, filtering the imaging data to a
granularity of the atlas before co-registering the imaging data to the atlas.

3s. The computer system of claim 23, wherein:

47




WO 2015/085320 PCT/US2014/069161

the at least one template atlas includes at least one of normal region of interest
template data and abnormal region of interest template data,

the segmenting includes applying the received imaging data to said normal region of
interest template data and/or abnormal region of interest template data, and

the calculating is based on the received imaging data fitting within either the normal
region of interest template data or the abnormal region of interest template data at a
statistically significant level.
36.  The computer system of claim 22, further comprising instructions that, when executed
by the at least one data processor, is configured to dynamically control the plurality of levels
of granularity using a hierarchical relationship table.
37.  The computer system of claim 22, wherein a structure of a template atlas at a level of
the hierarchy comprises structures of a template atlas at a lower level in the hierarchy.
38.  The computer system of claim 22, wherein an area of the imaging data is mapped to
different sub-regions corresponding to different structures of different atlases.
39.  The computer system of claim 22, wherein the image is generated from at least one of
magnetic resonance imaging (MRI), computed tomography (CT), positron emission
tomography (PET), ultrasound, or nuclear tracer three-dimensional imaging,
40.  The computer system of claim 22, wherein the region of interest comprises at least a
portion of at least one of a brain, a heart, a liver, skin, a lung, another organ, one or more
bones, or any combination thereof,
41.  The computer system of claim 22, wherein an image element of the plurality of image
elements is placed into at least two of the sets of sub-regions.
42, The computer system of claim 22, wherein the plurality of image elements are pixels

or voxels and wherein the relationship is hierarchical.
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43. A non-transitory computer readable storage medium for segmenting imaging data of
at least one subject, the computer readable storage medium comprising instructions that,
when executed by at least one data processor, enable a computing system to:

receive imaging data comprising a plurality of image elements of the region of
interest of the at least one subject;

segment the imaging data of the region of interest of the at least one subject into a
plurality of sub-regions corresponding to various structures at a plurality of levels of
granularity, the plurality of levels of granularity having a relationship such that a level of

granularity has fewer structures at a lower level of granularity; and

calculate at each of the plurality of levels of granularity an abnormality factor or risk
factor for the segmented various structures of said region of interest, to provide a segmented
said region of interest of said subject with at least one of said abnormality factor or risk factor

associated therewith,

44,  The non-transitory computer readable storage medium of claim 43, further comprising
instructions that, when executed by the at least one data processor, enable the computing
system to:

provide at least one template atlas for said region of interest of the at least one subject,

wherein the various structures at each level of granularity are predefined in said at
least one template atlas, and

wherein said segmenting includes applying said at least one template atlas to said
received imaging data at each level of granularity.
45.  The non-transitory computer readable storage medium of claim 44, further comprising
instructions that, when executed by the at least one data processor, enable the computing

system to:
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co-register said received imaging data to said at least one template atlas.
46,  The non-transitory computer readable storage medium of claim 44, wherein the
segmenting includes:

measuring at least one of sizes, shapes and intensities of the various structures at each
level of granularity, and

performing single-subject or population-based labeling of the various structures to
characterize anatomical features of the region of interest.
47, The non-transitory computer readable storage medium of claim 46, wherein the
measuring inciudes measuring at least one of:

a mean intensity of the image elements in each sub-region;

a sum of intensities of the image elements in each sub-region,

a highest intensity of the image elements in each sub-region; and

a lowest intensity of the image elements in each sub-region.
48, The non-transitory computer readable storage medium of claim 46, further comprising
instructions that, when executed by the at least one data processor, enable the computing
system to:

provide other segmented imaging data having other structures of regions of interest of
other subjects; and

identify a substantially same region of interest in the other imaging data as the region
of interest of the at least one subject by comparing one or more anatomical features, at
multiple levels of granularity, in at least one of sizes, shapes and intensities of the structures
of the segmented imaging data and the other structures of the other segmented imaging data
based on similarities of the structures and the other structures, to associate said abnormality

factor or risk factor with said identified region of interest of said other imaging data.
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49.  The non-transitory computer readable storage medium of claim 48, wherein the
identifying uses a single feature vector comprising measures of intensity of the image
elements in the sub-regions.
50.  The non-transitory computer readable storage medium of claim 49, wherein the
identifying includes comparing the feature vector to one or more feature vectors of the other
imaging data.
51.  The non-transitory computer readable storage medium of claim 50, wherein the
identifying includes the feature vector exceeding a predetermined threshold.
52.  The non-transitory compute;r readable storage medium of claim 48, wherein the
identifying further includes incorporating at least one non-anatomical feature in the mapping,
53.  The non-transitory computer readable storage medium of claim 52, wherein the at
least one non-anatomical feature includes at least one of diagnosis, functions or other clinical
information.
54,  The non-transitory computer readable storage medium of claim 48, wherein the
anatomical feature is at least one of an abnormality, a disease, a condition, a diagnosis, or any
combination thereof.
55.  The non-transitory computer readable storage medium of claim 45, further comprising
instructions that, when executed by the at least one data processor, enable the computing
system to:

for each atlas in the at least one template atlas, filter the imaging data to a granularity
of the atlas before co-registering the imaging data to the atlas.
56.  The non-transitory computer readable storage medium of claim 44, wherein:

the at least one template atlas includes at least one of normal region of interest

template data and abnormal region of interest template data,
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the segmenting includes applying the received imaging data to said normal region of
interest template data and/or abnormal region of interest template data, and

the calculating is based on the received imaging data fitting within either the normal
region of interest template data or the abnormal region of interest template data at a
statistically significant level.
57.  The non-transitory computer readable storage medium of claim 43, further comprising
instructions that, when executed by the at least one data processor, enable the computing
system to dynamically control the plurality of levels of granularity using a hierarchical
relationship table.
58.  The non-transitory computer readable storage medium of claim 43, wherein a
structure of a template atlas at a level of the hierarchy comprises structures of a template atlas
at a lower level in the hierarchy.
59.  The non-transitory computer readable storage medium of claim 43, wherein an area of
the imaging data is mapped to different sub-regions corresponding to different structures of
different atlases.
60.  The non-transitory computer readable storage medium of claim 43, wherein the image
is generated from at least one of magnetic resonance imaging (MRI), computed tomography
(CT), positron emission tomography (PET), ultrasound, or nuclear tracer three-dimensional
imaging.
61.  The non-transitory computer readable storage medium of claim 43, wherein the region
of interest comprises at least a portion of at least one of a brain, a heart, a liver, skin, a lung,
another organ, one or more bones, or any combination thereof.
62.  The non-transitory computer readable storage medium of claim 43, wherein an image
element of the plurality of image elements is placed into at least two of the sets of sub-

regions.
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63.  The non-transitory computer readable storage medium of claim 43, wherein the

plurality of image elements are pixels or voxels and wherein the relationship is hierarchical.
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