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(57) ABSTRACT

Presented herein are systems and methods that provide for
automated analysis of three-dimensional (3D) medical
images of a subject in order to automatically identify spe-
cific 3D volumes within the 3D images that correspond to
specific anatomical regions (e.g., organs and/or tissue).
Notably, the image analysis approaches described herein are
not limited to a single particular organ or portion of the body.
Instead, they are robust and widely applicable, providing for
consistent, efficient, and accurate detection of anatomical
regions, including soft tissue organs, in the entire body. In
certain embodiments, the accurate identification of one or
more such volumes is used to automatically determine
quantitative metrics that represent uptake of radiopharma-
ceuticals in particular organs and/or tissue regions. These
uptake metrics can be used to assess disease state in a
subject, determine a prognosis for a subject, and/or deter-
mine efficacy of a treatment modality.
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SYSTEMS AND METHODS FOR PLATFORM
AGNOSTIC WHOLE BODY IMAGE
SEGMENTATION

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application is a divisional of U.S. Non-Provisional
application Ser. No. 16/734,599 (now U.S. Pat. No. 11,657,
508), filed Jan. 6, 2020, which claims priority to and benefit
of U.S. Provisional Application No. 62/789,155, filed Jan. 7,
2019, U.S. Provisional Application No. 62/837,941, filed
Apr. 24,2019, U.S. Provisional Application No. 62/863,608,
filed Jun. 19, 2019, U.S. Provisional Application No.
62/870,210, filed Jul. 3, 2019, U.S. Provisional Application
No. 62/907,158, filed Sep. 27, 2019, U.S. Provisional Appli-
cation No. 62/934,305, filed Nov. 12, 2019, the content of
each of which are hereby incorporated by reference in their
entirety.

FIELD OF THE INVENTION

This invention relates generally to methods, systems, and
architectures for automated analysis of medical images.
More particularly, in certain embodiments, the invention
relates to automated identification of one or more particular
regions of interest (e.g., corresponding to specific organs or
tissue) within images of a subject.

BACKGROUND OF THE INVENTION

Targeted image analysis involves the use of radiolabeled
small molecules that bind to specific receptors, enzymes and
proteins in the body that are altered during the evolution of
disease. After administration to a patient, these molecules
circulate in the blood until they find their intended target.
The bound radiopharmaceutical remains at the site of dis-
ease, while the rest of the agent clears from the body. The
radioactive portion of the molecule serves as a beacon so
that an image may be obtained depicting the disease location
and concentration using commonly available nuclear medi-
cine cameras, known as single-photon emission computer-
ized tomography (SPECT) or positron emission tomography
(PET) cameras, found in most hospitals throughout the
world. Physicians can then use this information to determine
the presence and the extent of disease in a patient. The
physician can use this information to provide a recom-
mended course of treatment to the patient and to track the
progression of disease.

There are a variety of software-based analytical tech-
niques available for analysis and enhancement of PET and
SPECT images that can be used by a radiologist or physi-
cian. There are also a number of radiopharmaceuticals
available for imaging particular kinds of cancer. Imaging
agents used in the art include, among others include, without
limitation '®F—NaF, ''C-Choline, 2-deoxy-2 [18F] fluoro-
d-glucose (FDG), and the like. For example, the small
molecule diagnostic 1404 targets the extracellular domain of
prostate specific membrane antigen (PSMA), a protein
amplified on the surface of >95% of prostate cancer cells and
a validated target for the detection of primary and metastatic
prostate cancer. 1404 is labeled with technetium-99m, a
gamma-emitter isotope that is widely available, relatively
inexpensive, facilitates efficient preparation, and has spec-
trum characteristics attractive for nuclear medicine imaging
applications.
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Another example radiopharmaceutical is PyLL™ (also
known as [**F]DCFPyL, and 18F-PyL), which is a clinical-
stage, fluorinated PSMA-targeted PET imaging agent for
prostate cancer. A proof-of-concept study published in the
April 2016 issue of the Journal of Molecular Imaging and
Biology demonstrated that PET imaging with PyL™
showed high levels of PyL™ uptake in sites of putative
metastatic disease and primary tumors, suggesting the
potential for high sensitivity and specificity in detecting
prostate cancer.

An oncologist may use images from a targeted PET or
SPECT study of a patient as input in her assessment of
whether the patient has a particular disease, e.g., prostate
cancer, what stage of the disease is evident, what the
recommended course of treatment (if any) would be,
whether surgical intervention is indicated, and likely prog-
nosis. The oncologist may use a radiologist report in this
assessment. A radiologist report is a technical evaluation of
the PET or SPECT images prepared by a radiologist for a
physician who requested the imaging study and includes, for
example, the type of study performed, the clinical history, a
comparison between images, the technique used to perform
the study, the radiologist’s observations and findings, as well
as overall impressions and recommendations the radiologist
may have based on the imaging study results. A signed
radiologist report is sent to the physician ordering the study
for the physician’s review, followed by a discussion between
the physician and patient about the results and recommen-
dations for treatment.

Thus, the process involves having a radiologist perform
an imaging study on the patient, analyzing the images
obtained, creating a radiologist report, forwarding the report
to the requesting physician, having the physician formulate
an assessment and treatment recommendation, and having
the physician communicate the results, recommendations,
and risks to the patient. The process may also involve
repeating the imaging study due to inconclusive results, or
ordering further tests based on initial results.

If an imaging study shows that the patient has a particular
disease or condition (e.g., cancer), the physician discusses
various treatment options, including surgery, as well as risks
of doing nothing or adopting a watchful waiting or active
surveillance approach, rather than having surgery.

There are limitations associated with this process, both
from the perspective of the physician and from the perspec-
tive of the patient. While the radiologist’s report is certainly
helpful, the physician must ultimately rely on her experience
in formulating an assessment and recommendation for her
patient. Furthermore, the patient must place a great deal of
trust in his physician. The physician may show the patient
his PET/SPECT images and may tell the patient a numerical
risk associated with various treatment options or likelihood
of a particular prognosis, but the patient may very well
struggle to make sense of this information. Moreover, the
patient’s family will likely have questions, particularly if
cancer is diagnosed but the patient opts not to have surgery.
The patient and/or his family members may search online
for supplemental information and may become misinformed
about risks of the diagnosed condition. A difficult ordeal may
become more traumatic.

Thus, there remains a need for systems and methods for
improved automated analysis of medical imaging studies
and communication of those results, diagnoses, prognoses,
treatment recommendations, and associated risks to a
patient. Of particular need is an image analysis system to
consistently, efficiently, and accurately detect anatomical
regions, including soft tissue organs, in the entire body.
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SUMMARY OF THE INVENTION

Presented herein are systems and methods that provide for
automated analysis of three-dimensional (3D) medical
images of a subject in order to automatically identify spe-
cific 3D volumes within the 3D images that correspond to
specific anatomical regions e.g., organs and/or tissue). Nota-
bly, the image analysis approaches described herein are not
limited to a single particular organ or portion of the body.
Instead, they are robust and widely applicable, providing for
consistent, efficient, and accurate detection of anatomical
regions, including tissue and/or organs, in the entire body. In
certain embodiments, the accurate identification of one or
more such volumes is used to automatically determine
quantitative metrics that represent uptake of radiopharma-
ceuticals in particular organs and/or tissue regions. These
uptake metrics can be used to assess disease state in a
subject, determine a prognosis for a subject, and/or deter-
mine efficacy of a treatment modality.

The capability of the approaches described herein to
handle 3D images is an important advantage over certain
other image analysis that only identify 2D regions in 2D
images. For example, one approach relevant for cancer
detection, EXINI Diagnostics AB’s Bone Scan Index (BSI)
software, detects regions of suspected bone cancer (see also
U.S. Pat. No. 8,855,387, issued Oct. 7, 2014). However, the
BSI analysis is carried out on two-dimensional scintigraphy
images, as opposed to on three dimensional images.

Moreover, with the increase in the choices of imaging
agents available to a physician to detect cancer, there
remains a need for software with utility in analyzing images
from any variety of imaging agents, using multiple detection
modalities (SPECT/CT, PET/CT, and the like). Functional
images such as SPECT and PET provide detailed and
specific information on biological processes in the body, but
their potential is only realized when combined with a
detailed anatomical map so that function can be localized to
individual organs and structures. Although CT and MRI
provide detailed anatomical information, conventional (e.g.,
manual) identification of organs and structures is difficult,
subjective and time consuming, making certain assessment
infeasible without computer support. Accordingly, by pro-
viding platform agnostic image analysis approaches that
allow for accurate and robust image segmentation applicable
to a variety of imaging modalities, the systems and methods
described herein facilitate image analysis of particular rel-
evance to cancer detection, diagnosis, staging, and the like.

For example, the full body segmentation approaches
described herein allow for automated analysis of combina-
tions of anatomical and functional images in order to accu-
rately identify and grade cancerous lesions within a subject.
In particular, a PET/CT composite image can be acquired for
a subject following administration of a radiopharmaceutical,
such as a PSMA binding agent like PyL.™. The automated,
machine learning-based segmentation approaches described
herein are used to identify, within the CT image of the
PET/CT composite, target volumes of interest (VOIs) rep-
resenting target tissue regions where cancerous lesions may
be found. For example, a skeletal VOI corresponding to a
graphical representation of one or more bones of the subject
may be identified. Once the skeletal VOI is identified in the
anatomical, CT, image, it can be mapped to the PET image
to identify a corresponding skeletal volume therein. The
corresponding skeletal volume in the PET image is then
analyzed to detect one or more localized regions of rela-
tively high intensity, referred to as hotspots. These hotspots
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correspond, physically, to local regions of increased radio-
pharmaceutical accumulation and, accordingly, prospective
cancerous lesions.

In certain embodiments, the ability to accurately and
rapidly perform full body segmentation via the approaches
described herein is leveraged to provide a useful and uni-
form scale on which to evaluate and/or measure radiophar-
maceutical uptake levels in physical lesions corresponding
to detected hotspots (e.g., to thereby grade expression levels
of particular biomolecules, such as PSMA). In particular, in
addition to detecting target VOIs corresponding to specific
target tissue regions in which cancerous lesions may occur,
additional target VOIs corresponding to reference tissue
regions are also detected. These reference VOIs are also
mapped to the PET image, to identify corresponding refer-
ence volumes therein. Measures of intensity, such as a mean,
peak, maximum, etc., within these reference volumes are
then computed and used as reference points against which to
evaluate intensities of individual detected hotspots and con-
vert them to index values on the scale.

For example, in certain embodiments, an aorta and a liver
VOI, corresponding to a representation of a portion of an
aorta and liver, respectively, are identified within the ana-
tomical image and mapped to the functional image to
identify corresponding reference volumes therein. Intensity
levels of each of these reference volumes are determined
(e.g., as a mean, median, peak, etc. of intensities of voxels
within each reference volume), and assigned corresponding
index levels on a scale. Then, for each particular individual
hotspot, a hotspot intensity level is determined (e.g., simi-
larly, as a mean, median, peak, etc. of voxel intensities
within the detected hotspot). A corresponding individual
hotspot index value is then determined based individual
hotspot intensity level, the aorta reference intensity level,
and the liver reference intensity level. This approach pro-
vides a standardized scale on which to evaluate and measure
uptake associated with hotspots across different images. This
allows, for example, for comparison of multiple images
obtained for a single subject at different time points, as well
as comparison between images of different subjects.

In certain embodiments, individual hotspot indices are
used to compute an overall index for the subject and/or
particular target tissue region analyzed for presence of
cancerous lesions. The overall index can serve as an indi-
cator of disease severity and/or risk, for example by reflect-
ing a total lesion volume within a particular target tissue
region, with the weighting based on the hotspot index values
for the individual detected hotspots to account for radio-
pharmaceutical uptake within the lesions. For example, a
PSMA weighted total lesion volume within a skeletal vol-
ume can be computed as a weighted sum of individual
detected hotspot volumes weighted by their corresponding
index values. Such an index may reflect a level and/or
aggressiveness of metastasis into bone.

Volumes corresponding to other tissue regions may be
similarly identified and used to determine overall index
values. For example, lymph node volumes may also be used
to assess severity of metastases. Volumes corresponding to
tissue regions where localized disease is initially found may
also be identified and analyzed to detect lesions. For
example, a prostate volume may be used to assess prostate
cancer severity at its initial stages. Likewise, breast volumes
representing breast tissue regions and lung volumes repre-
senting lung tissue regions can be used for assessment of
localized breast and lung cancers, respectively.

According, by providing for full body segmentation and
automated image-based analysis of cancerous lesions
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throughout various relevant target tissue regions throughout
a subject’s body, the Al-based systems and methods
described herein allow for analysis of a variety of cancers at
various stages. The techniques can be used to identify and
stage localized disease in relevant tissue regions such as the
prostate, for example for early stage screening and moni-
toring, as well as to monitor regions such as bone and lymph
nodes for metastasis as disease progresses. As such, the
approaches described herein provide a complete set of tools
for automated image-based detection of cancer, and tracking
disease evolution, progression, and response to treatment.

In one aspect, the invention is directed to a method for
automatically processing a 3D image to identify 3D volumes
within the 3D image that correspond to particular target
tissue regions, the method comprising: (a) receiving, by a
processor of a computing device, a 3D anatomical image of
a subject obtained using an anatomical imaging modality
[e.g., x-ray computed tomography (CT); e.g., magnetic
resonance imaging (MRI); e.g., ultra-sound], wherein the 3D
anatomical image comprises a graphical representation of
tissue (e.g., soft-tissue and/or bone) within the subject; (b)
automatically identifying, by the processor, using one or
more machine learning modules (e.g., wherein at least one
of the one or more machine learning modules is a Convo-
Iutional Neural Network (CNN) module) for each of a
plurality of target tissue regions, a corresponding target
volume of interest (VOI) within the 3D anatomical image;
(c) determining, by the processor, a 3D segmentation map
representing a plurality of 3D segmentation masks, each 3D
segmentation mask representing a particular identified target
VOI (e.g., automatically, digitally stitching together the
plurality of 3D segmentation masks to form the 3D segmen-
tation map); and (d) storing and/or providing for display
and/or further processing, the 3D segmentation map.

In certain embodiments, the 3D anatomical image is a full
body image.

In certain embodiments, step (c) comprises digitally
stitching together the plurality of 3D segmentation masks to
form the 3D segmentation map {e.g., by creating an initially
empty image volume (e.g., initializing all voxel values to
zero) and then inserting labels from each segmentation mask
into the image volume [e.g., by mapping labeled (e.g., as
representing a particular target tissue region as determined
by a machine learning module) voxels of input images to one
or machine learning modules to voxels of the image volume
(e.g., so as to match voxels of the image volume to voxels
of the input images that represent a same physical location,
thereby labeling voxels of the image volume correctly)]}.

In certain embodiments, step (b) comprises, for at least
one specific target tissue region: determining, using a first
module (e.g., a localization module)(e.g., a first machine
learning module), an initial VOI within the 3D anatomical
image, the initial VOI corresponding to an anatomical region
(e.g., a group of related tissue, such as a pelvic region, a
chest region, a head and/or neck region, and the like)
containing the specific target tissue region (e.g., wherein the
initial VOI excludes more voxels of the 3D anatomical
image than it includes; e.g., wherein the initial VOI includes
less than 25% of the voxels of the 3D anatomical image; e.g.,
wherein a majority of voxels within the initial VOI represent
physical volumes within the anatomical region); and iden-
tifying, using a second module (e.g., a segmentation modu-
le)(e.g., a second machine learning module), the target VOI
corresponding to the specific target tissue region within the
initial VOI.

In certain embodiments, the second module is a CNN
module that implements a CNN.
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In certain embodiments, the first module is a CNN module
that implements a CNN to perform a coarse segmentation to
automatically identify the initial VOI corresponding to the
anatomical region containing the specific target tissue region
[e.g., by automatically identifying a graphical representation
of a group of related tissue within the anatomical image
(e.g., and, subsequently, determining the initial VOI as a
rectangular region (e.g., rectangular prism or rectangular
box) entirely enclosing the identified graphical representa-
tion of the group of related tissue)] [e.g., by, for each of one
or more particular tissue regions anticipated to be located
within the anatomical region, automatically identifying a
corresponding VOI in the anatomical image (e.g., via the
coarse segmentation), e.g., and determining the initial VOI
as a rectangular region entirely enclosing all of the identified
VOIs corresponding to the particular tissue regions].

In certain embodiments, the first module receives a sub-
sampled [e.g., by a factor of two or more (e.g., four) along
one or more dimensions] version of the anatomical image as
input and identifies the initial VOI using the sub-sampled
version of the anatomical image [e.g., and wherein the
second module receives a full resolution version of the
anatomical image, cropped to the initial VOI (e.g., such that
the first module operates on an lower resolution image that
represents a larger physical volume than the second module,
while the second module operates on a higher resolution
image but representing a smaller physical volume)].

In certain embodiments, the first module is a first CNN
module and the second module is a second CNN module,
and wherein the first CNN module comprises additional
filters in order to account for increased variability in image
size with respect to the second CNN module.

In certain embodiments, the 3D anatomical image is a full
body image and step (b) comprises: automatically determin-
ing, using one or more localization modules implementing
machine learning technique(s) (e.g., wherein each localiza-
tion module is a CNN module that implements a CNN), a
plurality of initial VOIs within the 3D anatomical image,
each initial VOI corresponding to a particular anatomical
region (e.g., a group of related tissue, such as a pelvic region,
a chest region, a head and/or neck region, a spine region, an
upper body region, a lower body region, etc.) and in which
an associated subset of the target VOIs are located; and for
each initial VOI, automatically identifying, using one or
more segmentation modules implementing machine learning
technique(s) (e.g., wherein each segmentation module is a
CNN module that implements a CNN) the associated subset
of target VOIs.

In certain embodiments, the plurality of initial VOIs
comprises one or more members selected from the group
consisting of: a pelvic region initial VOI corresponding to a
pelvic region of the subject (e.g., wherein the subset of target
VOIs located in the pelvic region initial VOI comprise one
or more target VOIs corresponding to target tissue regions
selected from the group consisting of a left and/or right
ilium, a sacrum, and a coccyx); a spine region initial VOI
corresponding to a spine of the subject (e.g., wherein the
subset of target VOIs located in the pelvic region initial VOI
comprise one or more target VOIs corresponding to target
tissue regions selected from the group consisting of a
thoracic vertebra, a lumber vertebra, and a sternum); a left
upper body region initial VOI corresponding to a left side of
the subject’s upper body (e.g., wherein the subset of target
VOIs located in the pelvic region initial VOI comprise one
or more target VOIs corresponding to target tissue regions
selected from the group consisting of one or more left rib(s),
a left scapula, and a left clavicle); and a right upper body
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region initial VOI corresponding to a right side of the
subject’s upper body (e.g., wherein the subset of target VOIs
located in the pelvic region initial VOI comprise one or more
target VOIs corresponding to target tissue regions selected
from the group consisting of one or more right rib(s), a right
scapula, and a right clavicle).

In certain embodiments, the method comprises: (e)
receiving, by the processor, a 3D functional image of the
subject obtained using a functional imaging modality [e.g.,
single-photon emission computed tomography (SPECT);
e.g., positron emission tomography (PET)] [e.g., wherein the
3D functional image comprises a plurality of voxels, each
representing a particular physical volume within the subject
and having an intensity value that represents detected radia-
tion emitted from a the particular physical volume, wherein
at least a portion of the plurality of voxels of the 3D
functional image represent physical volumes within one or
more of the target tissue regions of the subject]; and (f)
identifying, by the processor, within the 3D functional
image, one or more 3D volume(s), each corresponding to an
identified target VOI, using the 3D segmentation map (e.g.,
by mapping 3D segmentation masks of the 3D segmentation
map to the 3D functional image).

In certain embodiments, the method comprises: (g) deter-
mining, by the processor, a cancer status [(e.g., a prostate
cancer status; e.g., a metastatic cancer status (e.g., metastatic
cancer, including, e.g., metastatic prostate cancer, breast
cancer, lung cancer, colon cancer, skin cancer, etc.)] for the
subject (e.g., using intensities of voxels within the functional
image and the one or more identified 3D volumes)(e.g.,
based on detected lesions) [e.g., a likelihood of the subject
having and/or developing prostate cancer and/or a particular
stage of prostate cancer (e.g., metastatic prostate cancer)|
[e.g., a likelihood of the subject having and/or developing a
metastatic cancer (including, e.g., metastatic prostate cancer,
breast cancer, lung cancer, colon cancer, skin cancer, etc.)].

In certain embodiments, the method comprises perform-
ing steps (a)-(g) repeatedly for a plurality of anatomical and
corresponding functional images collected at different time
points to determine, at each time point, a cancer status of the
subject, thereby tracking cancer status over time (e.g., to
evaluate disease progression and/or treatment efficacy).

In certain embodiments, the method comprises (e.g., prior
to step (g)): (h) automatically adjusting, by the processor,
intensities of voxels of the 3D functional image to correct for
background uptake (e.g., of the radiopharmaceutical) in one
or more background tissue regions (e.g., correcting for
uptake of the radiopharmaceutical that occurs in the one or
more background tissue regions under normal circum-
stances, and which is not necessarily indicative of presence
of cancerous lesions).

In certain embodiments, the target tissue regions comprise
the one or more background tissue regions and step (h)
comprises: using the 3D segmentation map to identify,
within the 3D functional image, one or more 3D background
tissue volume(s), each corresponding a particular back-
ground tissue region (e.g., by mapping 3D segmentation
masks of the 3D segmentation map to the 3D functional
image); and adjusting intensities of voxels of the 3D func-
tional image based on intensities of voxels within the 3D
background tissue volumes (e.g., by using intensities of
voxels within the 3D background tissue volumes to estimate
a contribution to intensities outside of the 3D background
tissue volumes).

In certain embodiments, the one or more background
tissue regions comprise one or more members selected from
the group consisting of: a bladder (e.g., a urinary bladder),
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a kidney, a duodenum, a small intestine, a spleen, a liver, a
pancreas, a stomach, an adrenal gland, a rectum, and testes.

In certain embodiments, the method comprises: (i) auto-
matically detecting, by the processor, one or more hotspots
within the 3D functional image determined to represent
lesions based on intensities of voxels within the 3D func-
tional image [e.g., based on a comparison of intensities
within the 3D functional image with a threshold value (e.g.,
wherein the 3D functional image is a 3D PET image and the
threshold is a particular standard uptake value (SUV) level)]|
(e.g., and also based on the one or more 3D volumes
identified within the 3D functional image).

In certain embodiments, step (i) comprises using one or
more thresholds [e.g., comparing intensities of voxels in the
3D functional image with the one or more thresholds (e.g.,
wherein the one or more thresholds comprises a plurality of
region-specific thresholds, each used for a specific sub-set of
the one or more 3D volumes identified within the 3D
functional image)].

In certain embodiments, step (i) comprises applying one
or more filters to the 3D functional image [e.g., as in a blob
detection technique; e.g., wherein the one or more filters
comprises one or more Gaussian filters (e.g., a high pass
Gaussian filter and a low pass Gaussian filter, as in a
Difference of Gaussians approach); e.g., wherein the one or
more filters comprises a Laplacian filter (e.g., as in a
Laplacian of a Gaussian technique); e.g., wherein different
filter kernels are used for different sub-sets of the one or
more 3D volumes identified within the 3D functional
image].

In certain embodiments, step (i) comprises using a com-
bination of two or more techniques for identification of
hotspots in different sub-sets of the one or more 3D volumes
identified within the 3D functional image [e.g., using a first
filtering approach (e.g., as in paragraphs above) for a first
sub-set of the one or more 3D volumes and using a second
filtering approach for a second sub-set; e.g., using thresh-
olding approach (e.g., as paragraphs above) for a first sub-set
of the one or more 3D volumes and using a filtering
approach (e.g., as paragraphs above) for a second sub-set of
the one or more 3D volumes].

In certain embodiments, step (i) comprises detecting an
initial set of hotspots and, for at least a portion of the
hotspots of the initial set, classifying each hotspot of at least
aportion of the detected hotspots as either a cancerous lesion
or not a cancerous lesion (e.g., as noise) [e.g., using a
machine learning module; e.g., based on a shape and/or
location of the hotspot (e.g., in combination with anatomical
knowledge; e.g., wherein the location includes an identifi-
cation of a particular target tissue region corresponding to
the 3D volume in which the hotspot is located and/or a
relative position of the hotspot within the particular target
tissue region); e.g., and removing hotspots classified as not
a cancerous lesion from the initial set, thereby obtaining a
final set of hotspots determined to represent lesions].

In certain embodiments, the target tissue regions comprise
one or more background tissue regions and the method
comprises: using the 3D segmentation map to identify,
within the 3D functional image, one or more 3D background
tissue volume(s), each corresponding a particular back-
ground tissue region (e.g., a background tissue region in
which significant radiopharmaceutical uptake occurs under
normal circumstances and is not necessarily indicative of
presence of cancerous lesions)(e.g., by mapping 3D seg-
mentation masks of the 3D segmentation map to the 3D
functional image); and excluding voxels of the 3D within the
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3D background tissue from the voxels used to automatically
detect the one or more hotspots at step (i).

In certain embodiments, the method comprises using the
one or more detected hotspots (e.g., intensities of the one or
more detected hotspots) to determine a cancer status for the
subject.

In certain embodiments, the target tissue regions comprise
one or more reference tissue regions and the method com-
prises: using the 3D segmentation map to identify, by the
processor, within the 3D functional image, one or more 3D
reference volume(s), each corresponding to a particular
reference tissue region; determining, by the processor, one
or more reference intensity values, each associated with a
particular 3D reference volume of the one or more 3D
reference volume(s) and corresponding to a measure of (e.g.,
an average/mean, a median, a maximum, etc.) intensity
within the particular 3D reference volume; determining, by
the processor, one or more individual hotspot intensity
values, each associated with a particular hotspot of at least
a portion of the detected one or more hotspots and corre-
sponding to a measure of (e.g., an average/mean, a median,
a maximum, etc.) intensity of the particular hotspot; and
determining, by the processor, one or more individual hot-
spot index values using the one or more individual hotspot
intensity values and the one or more reference intensity
values [e.g., wherein each individual hotspot index value is
associated with a particular hotspot of the at least a portion
of the detected one or more hotspots and determined using
(e.g., based on a comparison between) (i) the individual
hotspot intensity value associated with the particular hotspot
and (ii) the one or more reference intensity values].

In certain embodiments, the determining the one or more
individual hotspot index values comprises mapping each of
the one or more reference intensity values to a correspond-
ing reference index value on a scale and, for each individual
hotspot intensity value, using the reference intensity values
and corresponding reference index values to interpolate a
corresponding individual hotspot index value.

In certain embodiments, the reference tissue regions com-
prise one or more members selected from the group con-
sisting of: a liver, an aorta (e.g., a thoracic aorta portion; e.g.,
an abdominal aorta portion), and a parotid gland.

In certain embodiments, a first reference intensity value
(1) is a blood reference intensity value associated with a 3D
reference volume corresponding to an aorta portion, and (ii)
maps to a first reference index value; a second reference
intensity value (i) is a liver reference intensity value asso-
ciated with a 3D reference volume corresponding to a liver,
and (i) maps to a second reference index value; and the
second reference intensity value is greater than the first
reference intensity value and the second reference index
value is greater than the first reference index value.

In certain embodiments, the reference intensity values
comprises a maximum reference intensity value that maps to
a maximum reference index value, and hotspots having
associated hotspot intensity values greater than the maxi-
mum reference intensity value are assigned hotspot index
values equal to the maximum reference index value.

In certain embodiments, the method comprises determin-
ing, by the processor, an overall index value indicative of a
cancer status of the subject using at least a portion of the one
or more hotspot index values.

In certain embodiments, the overall index value is deter-
mined as a weighted sum of at least a portion [e.g., located
within a 3D volume of the functional image that corresponds
to a skeletal region of the subject; e.g., located within a 3D
volume of the functional image that corresponds to a lymph
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region of the subject] of the individual hotspot index values
[e.g., wherein each hotspot index value in the sum is
weighted by a measure of size (e.g., 3D volume; e.g.,
average diameter) of the associated hotspot].

In certain embodiments, the overall index value is asso-
ciated with a particular target tissue region corresponding to
a particular target VOI identified within the anatomical
image; and the overall index value is determined using
hotspot index values of a subset of hotspots located within
a particular 3D volume in the 3D functional image that
corresponds to the particular identified target VOI [e.g., and
wherein the overall index value is computed as a weighted
sum of the hotspot index values of the subset of hotspots
(e.g., wherein the weighted sum is normalized by an esti-
mated volume of the particular target tissue region (e.g.,
computed as a volume of the particular 3D volume in the
function image and/or a volume of the particular target
VOD)l.

In certain embodiments, the particular target tissue region
is selected from the group consisting of: a skeletal region
comprising one or more bones of the subject, a lymph
region, and a prostate region.

In certain embodiments, the 3D anatomical image is an
x-ray computed tomography (CT) image, and the 3D func-
tional image is a 3D single photon emission computed
tomography (SPECT) image.

In certain embodiments, the 3D anatomical image is an
x-ray computed tomography (CT) image, and the 3D func-
tional image is a 3D positron emission tomography (PET)
image.

In certain embodiments, the 3D PET image of the subject
is obtained following administration to the subject of a
radiopharmaceutical comprising a prostate-specific mem-
brane antigen (PSMA) binding agent.

In certain embodiments, the radiopharmaceutical com-
prises [18F]DCFPyL.

In certain embodiments, step (b) comprises cropping, by
the processor, the 3D anatomical image to remove voxels
representing air [e.g., to create a cropped anatomical image,
and using the cropped anatomical image to identify the one
or more target VOIs (e.g., using the cropped anatomical
image is used as input to one or more machine learning
modules, as opposed to the original size 3D anatomical
image)].

In certain embodiments, the target tissue regions comprise
one or more members selected from the group consisting of:
a left hip bone, a right hip bone, a sacrum and coccyx region,
a left clavicle, a right clavicle, a left rib, a right rib, a left
scapula, a right scapula, a sternum, a lumbar vertebra, a
thoracic vertebra, a skull, a cervical vertebra, a left femur, a
right femur, a left humerus, a right humerus, a prostate, a
urinary bladder, a rectum, a left gluteus maximus, a right
gluteus maximus, an aorta (e.g., a thoracic aorta portion;
e.g., an abdominal aorta portion), a left kidney, a right
kidney, a liver, a left lung, a right lung, a spleen, a ventricle,
a left adrenal gland, a right adrenal gland, a gallbladder, a
brain, a pancreas, a heart, a mandible, a left bronchi, a right
bronchi, a trachea, a left common iliac artery, a right
common iliac artery, and a parotid gland.

In certain embodiments, one or more of the target tissue
regions comprise one or more specific bones selected from
the group consisting of: a left clavicle, a right clavicle, a left
femur, a right femur, a left fibula, a right fibula, a left hip
bone, a right hip bone, a left humerus, a right humerus, a
mandible, a left patella, a right patella, left radius, a right
radius, a left tibia, a right tibia, a left ulna, a right ulna, a left
rib (e.g., a first left rib, a second left rib, a third left rib, a
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fourth left rib, a fifth left rib, a sixth left rib, a seventh left
rib, an eighth left rib, a ninth left rib, a tenth left rib, an
eleventh left rib, a twelfth left rib), a right rib (e.g., a first
right rib, a second right rib, a third right rib, a fourth right
rib, a fifth right rib, a sixth right rib, a seventh right rib, an
eighth right rib, a ninth right rib, a tenth right rib, an eleventh
right rib, a twelfth right rib), a sacrum and coccyx (e.g., a
combined sacrum and coccyx region; e.g., a sacrum and a
coccyx individually, so as to distinguish between the two),
a left scapula, a right scapula, a skull, sternum, a vertebrae
region [e.g., a cervical vertebrae region, comprising one or
more (e.g., up to all) cervical vertebrae; e.g., a lumber
vertebrae region, comprising one or more (e.g., up to all)
lumbar vertebrae; e.g., a thoracic vertebrae region, compris-
ing one or more (e.g., up to all) thoracic vertebrae], and an
individual vertebra [e.g., e.g., an individual cervical vertebra
(e.g., a first cervical vertebra, a second cervical vertebra, a
third cervical vertebra, a fourth cervical vertebra, a fifth
cervical vertebra, a sixth cervical vertebra, a seventh cervi-
cal vertebra); e.g., an individual lumbar vertebra (e.g., a first
lumbar vertebra, a second lumbar vertebra, a third lumbar
vertebra, a fourth lumbar vertebra, a fifth lumbar vertebra, a
sixth lumbar vertebra); e.g., an individual thoracic vertebra
(e.g., a first thoracic vertebra, a second thoracic vertebra, a
third thoracic vertebra, a fourth, thoracic vertebra, a fifth
thoracic vertebra, a sixth thoracic vertebra, a seventh tho-
racic vertebra, an eighth thoracic vertebra, a ninth thoracic
vertebra, a tenth thoracic vertebra, an eleventh thoracic
vertebra, an twelfth thoracic vertebra)].

In certain embodiments, one or more of the target tissue
regions comprise one or more specific bones selected from
the group consisting of: a left clavicle, a right clavicle, a left
hip bone, a right hip bone, a left rib (e.g., a first left rib, a
second left rib, a third left rib, a fourth left rib, a fifth left rib,
a sixth left rib, a seventh left rib, an eighth left rib, a ninth
left rib, a tenth left rib, an eleventh left rib, a twelfth left rib),
a right rib (e.g., a first right rib, a second right rib, a third
right rib, a fourth right rib, a fifth right rib, a sixth right rib,
a seventh right rib, an eighth right rib, a ninth right rib, a
tenth right rib, an eleventh right rib, a twelfth right rib), a
sacrum and coccyx (e.g., a combined sacrum and coccyx
region; e.g., a sacrum and a coccyx individually, so as to
distinguish between the two), a left scapula, a right scapula,
a sternum, a vertebrae region [e.g., a cervical vertebrae
region, comprising one or more (e.g., up to all) cervical
vertebrae; e.g., a lumber vertebrae region, comprising one or
more (e.g., up to all) lumbar vertebrae; e.g., a thoracic
vertebrae region, comprising one or more (e.g., up to all)
thoracic vertebrae|, and an individual vertebra [e.g., an
individual lumbar vertebra (e.g., a first lumbar vertebra, a
second lumbar vertebra, a third lumbar vertebra, a fourth
lumbar vertebra, a fifth lumbar vertebra); e.g., an individual
thoracic vertebra (e.g., a first thoracic vertebra, a second
thoracic vertebra, a third thoracic vertebra, a fourth, thoracic
vertebra, a fifth thoracic vertebra, a sixth thoracic vertebra,
a seventh thoracic vertebra, an eighth thoracic vertebra, a
ninth thoracic vertebra, a tenth thoracic vertebra, an eleventh
thoracic vertebra, an twelfth thoracic vertebra)].

In certain embodiments, one or more of the target tissue
regions comprise one or more soft-tissue regions (e.g.,
organs) selected from the group consisting of: a left adrenal
gland, a right adrenal gland, an aorta (e.g., a thoracic aorta
portion; e.g., an abdominal aorta portion), a brain, a left
bronchi, a right bronchi, a gallbladder, a left gluteus maxi-
mus, a right gluteus maximus, a heart, a left common iliac
artery, a right common iliac artery, a left kidney, a right
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kidney, a liver, a left lung, a right lung, a pancreas, a prostate,
a rectum, a spleen, a trachea, a urinary bladder, a ventricle,
and a parotid gland.

In certain embodiments, the one or more target tissue
regions comprise one or more soft-tissue regions (e.g.,
organs) selected from the group consisting of: a gallbladder,
a left kidney, a right kidney, a liver, a left lung, a right lung,
a prostate, and a urinary bladder.

In certain embodiments, the target tissue regions comprise
one or more bone regions, each corresponding to a specific
bone [e.g., where the target tissue regions comprise at least
a portion of (e.g., up to all) the bones listed in paragraphs
above] and one or more soft tissue regions, each correspond-
ing to a specific soft-tissue region [e.g., where the target
tissue regions comprise at least a portion of (e.g., up to all)
the soft-tissue regions listed in paragraphs above].

In another aspect, the invention is directed to a method for
automatically processing 3D images to automatically iden-
tify cancerous lesions within a subject, the method compris-
ing: (a) receiving, by a processor of a computing device, a
3D anatomical image of a subject obtained using an ana-
tomical imaging modality [e.g., X-ray computed tomography
(CT); e.g., magnetic resonance imaging (MRI); e.g., ultra-
sound], wherein the 3D anatomical image comprises a
graphical representation of tissue (e.g., soft-tissue and/or
bone) within the subject; (b) automatically identifying, by
the processor, using one or more machine learning modules
(e.g., wherein at least one of the one or more machine
learning modules is a Convolutional Neural Network (CNN)
module), for each of a plurality of target tissue regions, a
corresponding target volume of interest (VOI) within the 3D
anatomical image; (c) determining, by the processor, a 3D
segmentation map representing a plurality of 3D segmenta-
tion masks, each 3D segmentation mask representing a
particular identified target VOI (e.g., automatically, digitally
stitching together the plurality of 3D segmentation masks to
form the 3D segmentation map); (d) receiving, by the
processor, a 3D functional image of the subject obtained
using a functional imaging modality [e.g., single-photon
emission computed tomography (SPECT); e.g., positron
emission tomography (PET)][e.g., wherein the 3D func-
tional image comprises a plurality of voxels, each represent-
ing a particular physical volume within the subject and
having an intensity value that represents detected radiation
emitted from a the particular physical volume, wherein at
least a portion of the plurality of voxels of the 3D functional
image represent physical volumes within one or more of the
target tissue regions of the subject]; (e) identifying, within
the 3D functional image, one or more 3D volume(s), each
corresponding to an identified target VOI, using the 3D
segmentation map (e.g., by mapping 3D segmentation
masks of the 3D segmentation map to the 3D functional
image); and (f) automatically detecting, by the processor,
within at least a portion of the one or more 3D volumes
identified within the 3D functional image, one or more
hotspots determined to represent lesions based on intensities
of voxels within the 3D functional image [e.g., based on a
comparison of intensities within the 3D functional image
with a threshold value (e.g., wherein the 3D functional
image is a 3D PET image and the threshold is a particular
standard uptake value (SUV) level)].

In certain embodiments, the method comprises using, by
the processor, the one or more detected hotspots (e.g.,
intensities of the one or more detected hotspots) to deter-
mine a cancer status for the subject.

In certain embodiments, the target tissue regions comprise
one or more reference tissue regions and wherein the method
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comprises: using the 3D segmentation map to identify, by
the processor, within the 3D functional image, one or more
3D reference volume(s), each corresponding to a particular
reference tissue region; determining one or more reference
intensity values, each associated with a particular 3D refer-
ence volume of the one or more 3D reference volume(s) and
corresponding to a measure of (e.g., an average/mean, a
median, a maximum, etc.) intensity within the particular 3D
reference volume; determining, by the processor, one or
more individual hotspot intensity values, each associated
with a particular hotspot of at least a portion of the detected
one or more hotspots and corresponding to a measure of
(e.g., an average/mean, a median, a maximum, etc.) intensity
of the particular hotspot; and determining, by the processor,
one or more individual hotspot index values using the one or
more individual hotspot intensity values and the one or more
reference intensity values [e.g., wherein each individual
hotspot index value is associated with a particular hotspot of
the at least a portion of the detected one or more hotspots and
determined using (e.g., based on a comparison between) (i)
the individual hotspot intensity value associated with the
particular hotspot and (ii) the one or more reference intensity
values].

In certain embodiments, the reference tissue regions com-
prise one or more members selected from the group con-
sisting of: a liver, an aorta (e.g., a thoracic aorta portion; e.g.,
an abdominal aorta portion), and a parotid gland.

In certain embodiments, the method comprises determin-
ing, by the processor, an overall index value indicative of a
cancer status of the subject using at least a portion of the one
or more hotspot index values.

In certain embodiments, the overall index value is deter-
mined as a weighted sum of at least a portion [e.g., located
within a 3D volume of the functional image that corresponds
to a skeletal region of the subject; e.g., located within a 3D
volume of the functional image that corresponds to a lymph
region of the subject] of the individual hotspot index values
[e.g., wherein each hotspot index value in the sum is
weighted by a measure of size (e.g., 3D volume; e.g.,
average diameter) of the associated hotspot].

In certain embodiments, the 3D anatomical image is an
x-ray computed tomography (CT) image, and the 3D func-
tional image is a 3D positron emission tomography (PET)
image.

In certain embodiments, the 3D PET image of the subject
is obtained following administration to the subject of a
radiopharmaceutical comprising a prostate-specific mem-
brane antigen (PSMA) binding agent.

In certain embodiments, the radiopharmaceutical com-
prises [18F]DCFPyL.

In another aspect, the invention is directed to a method for
automatically processing 3D images to identify, and mea-
sure uptake of radiopharmaceutical in, cancerous lesions
(e.g., metastases) within a subject having or at risk for a
cancer (e.g., prostate cancer, breast cancer, lung cancer; e.g.,
a metastatic cancer, such as metastatic prostate cancer,
metastatic breast cancer, metastatic lung cancer), the method
comprising: (a) receiving, by a processor of a computing
device, a 3D anatomical image of a subject obtained using
an anatomical imaging modality [e.g., x-ray computed
tomography (CT); e.g., magnetic resonance imaging (MRI);
e.g., ultra-sound], wherein the 3D anatomical image com-
prises a graphical representation of tissue (e.g., soft-tissue
and/or bone) within the subject; (b) automatically identify-
ing, by the processor, using one or more machine learning
modules (e.g., wherein at least one of the machine learning
modules is a Convolutional Neural Network (CNN) mod-
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ule), within the 3D anatomical image: a first skeletal volume
comprising a graphical representation of one or more bones
of the subject; a first aorta volume comprising a graphical
representation of at least a portion of an aorta of the subject;
and a first liver volume comprising a graphical representa-
tion of a liver of the subject; (c¢) determining, by the
processor, a 3D segmentation map representing a plurality of
3D segmentation masks, including a skeletal mask repre-
senting the identified first skeletal volume, an aorta mask
representing the identified first aorta volume, and a liver
mask representing the identified first liver volume; (d)
receiving, by the processor, a 3D functional image of the
subject obtained using a functional imaging modality [e.g.,
single-photon emission computed tomography (SPECT);
e.g., positron emission tomography (PET)][e.g., wherein the
3D functional image comprises a plurality of voxels, each
representing a particular physical volume within the subject
and having an intensity value that represents detected radia-
tion emitted from a the particular physical volume, wherein
at least a portion of the plurality of voxels of the 3D
functional image represent physical volumes within one or
more bones, an aorta portion, and/or a liver of the subject];
(e) automatically identifying, within the 3D functional
image, using the 3D segmentation map (e.g., by mapping the
3D segmentation masks of the 3D segmentation map to the
3D functional image): a second skeletal volume correspond-
ing to the first identified skeletal volume, within the 3D
anatomical image; a second aorta volume corresponding to
the first aorta volume, identified within the 3D anatomical
image; and a second liver volume corresponding to the first
liver volume, identified within the 3D anatomical image; (f)
automatically detecting, by the processor, within the second
skeletal volume, one or more hotspots determined to repre-
sent lesions based on intensities of voxels within the second
skeletal volume (e.g., the one or more hotspots correspond-
ing to localized regions of relatively high intensity, e.g.,
identified based on a comparison of intensities of voxels
located within the second skeletal volume with a threshold
value); and (g) determining, by the processor, for each of the
one or more detected hotspots, an individual hotspot index
(e.g., indicative of a measure of radiopharmaceutical uptake
in the lesions represented by the detected hotspot) value by:
determining an aorta reference intensity level based on a
measure (e.g., a mean, a maximum, a median, etc.) of
intensity of voxels within the second aorta volume; deter-
mining a liver reference intensity level based on a measure
(e.g., a mean, a maximum, a median, etc.) of intensity of
voxels within the second liver volume; and for each indi-
vidual detected hotspot: determining a corresponding indi-
vidual hotspot intensity level based on a measure (e.g., a
mean, a maximum, a median, etc.) of intensity of voxels of
the detected hotspot; and determining a corresponding indi-
vidual hotspot index level from the individual hotspot inten-
sity level, the aorta reference intensity level, and the liver
reference intensity level.

In certain embodiments, the method comprises determin-
ing, by the processor, an overall index value indicative of a
cancer status of the subject based on the individual hotspot
index values of at least a portion of the one or more detected
hotspots.

In certain embodiments, the subject has or is at risk for
prostate cancer.

In certain embodiments, step (b) comprises automatically
identifying, within the 3D anatomical image, a first prostate
volume comprising a graphical representation of a prostate
of the subject, the 3D segmentation map determined at step
(c) further includes a prostate mask representing the iden-
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tified first prostate volume, step (e) comprises automatically
identifying, within the 3D functional image, a second pros-
tate volume corresponding to the first identified prostate
volume, within the 3D anatomical image, step (f) comprises
automatically detecting one or more hotspots in the second
prostate volume, and the method further comprises: deter-
mining, by the processor, (i) an overall bone index value
indicative of a lesion content (e.g., and severity) in the one
or more bones of the subject based on the individual hotspot
index values of at least a portion of the one or more detected
hotspots located in the second skeletal volume and (ii) an
overall prostate index value indicative of a lesion content
(e.g., and severity) in the prostate of the subject based on the
individual hotspot index values of at least a portion of the
one or more detected hotspots located in the second prostate
volume.

In certain embodiments, the subject has or is at risk for
metastatic cancer (e.g., metastatic prostate cancer, metastatic
breast cancer, metastatic lung cancer, and other metastatic
bone cancers).

In another aspect, the invention is directed to a method for
automatically processing a set of full body 3D anatomical
images of varying sizes to automatically identify, within
each 3D anatomical image, a plurality of 3D volumes that
correspond to particular target tissue regions, the method
comprising: (a) receiving, by a processor of a computing
device, the set of 3D anatomical images of one or more
subject(s) obtained using an anatomical imaging modality
[e.g., x-ray computed tomography (CT); e.g., magnetic
resonance imaging (MRI); e.g., ultra-sound], wherein the 3D
anatomical image comprises a graphical representation of
tissue (e.g., soft-tissue and/or bone) within each of the one
or more subject(s), wherein the set of 3D anatomical images
has a mean x-dimension, a mean y-dimension, and a mean
z-dimension, at least one of which (the mean x-, mean y-, or
mean z-dimension) having a standard deviation at least 3%
of the corresponding mean [e.g., at least one of which (the
mean X-, mean y-, or mean z-dimension) having a relative
standard deviation of at least 3%, at least 5%, at least 10%,
at least 15%, or at least 20%]; and (b) automatically deter-
mining, by the processor, using a localization module that
implements a CNN, within each image of the set of 3D
anatomical images, at least one initial VOI corresponding to
a particular anatomical region (e.g., a group of related tissue,
such as a pelvic region and a spin region) that comprises one
or more particular associated target tissue regions (e.g., one
or more specific bones, e.g., one or more specific organs),
thereby identifying at least one initial VOI for the corre-
sponding 3D anatomical image; and (c) for each initial VOI,
automatically identifying, by the processor, using one or
more segmentation modules each implementing a CNN, for
each of the one or more particular target tissue regions
associated with the particular anatomical region to which the
initial VOI corresponds, a corresponding target VOI (e.g., a
graphical representation of the particular target tissue
region).

In another aspect, the invention is directed to a system for
automatically processing a 3D image to identify 3D volumes
within the 3D image that correspond to particular target
tissue regions, the system comprising: a processor of a
computing device; and a memory having instructions stored
thereon, wherein the instructions, when executed by the
processor, cause the processor to: (a) receive a 3D anatomi-
cal image of a subject obtained using an anatomical imaging
modality [e.g., X-ray computed tomography (CT); e.g., mag-
netic resonance imaging (MRI); e.g., ultra-sound], wherein
the 3D anatomical image comprises a graphical representa-
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tion of tissue (e.g., soft-tissue and/or bone) within the
subject; (b) automatically identify, using one or more
machine learning modules (e.g., wherein at least one of the
one or more machine learning modules is a Convolutional
Neural Network (CNN) module), for each of a plurality of
target tissue regions, a corresponding target volume of
interest (VOI) within the 3D anatomical image; (c) deter-
mine 3D segmentation map representing a plurality of 3D
segmentation masks, each 3D segmentation mask represent-
ing a particular identified target VOI (e.g., automatically,
digitally stitching together the plurality of 3D segmentation
masks to form the 3D segmentation map); and (d) store
and/or provide the 3D segmentation map for display and/or
further processing.

In certain embodiments, the 3D anatomical image is a full
body image.

In certain embodiments, at step (c¢) the instructions cause
the processor to digitally stitch together the plurality of 3D
segmentation masks to form the 3D segmentation map {e.g.,
by creating an initially empty image volume (e.g., initializ-
ing all voxel values to zero) and then inserting labels from
each segmentation mask into the image volume [e.g., by
mapping labeled (e.g., as representing a particular target
tissue region as determined by a machine learning module)
voxels of input images to one or machine learning modules
to voxels of the image volume (e.g., so as to match voxels
of the image volume to voxels of the input images that
represent a same physical location, thereby labeling voxels
of the image volume correctly)]}.

In certain embodiments, at step (b), the instructions cause
the processor to, for at least one specific target tissue region:
determine, using a first module (e.g., a localization module)
(e.g., a first machine learning module), an initial VOI within
the 3D anatomical image, the initial VOI corresponding to
an anatomical region (e.g., a group of related tissue, such as
a pelvic region, a chest region, a head and/or neck region,
and the like) containing the specific target tissue region (e.g.,
wherein the initial VOI excludes more voxels of the 3D
anatomical image than it includes; e.g., wherein the initial
VOI includes less than 25% of the voxels of the 3D
anatomical image; e.g., wherein a majority of voxels within
the initial VOI represent physical volumes within the ana-
tomical region); and identify, using a second module (e.g., a
segmentation module)(e.g., a second machine learning mod-
ule), the target VOI corresponding to the specific target
tissue region within the initial VOI.

In certain embodiments, the second module is a CNN
module that implements a CNN.

In certain embodiments, the first module is a CNN module
that implements a CNN to perform a coarse segmentation to
automatically identify the initial VOI corresponding to the
anatomical region containing the specific target tissue region
[e.g., by automatically identifying a graphical representation
of a group of related tissue within the anatomical image
(e.g., and, subsequently, determining the initial VOI as a
rectangular region (e.g., rectangular prism or rectangular
box) entirely enclosing the identified graphical representa-
tion of the group of related tissue)] [e.g., by, for each of one
or more particular tissue regions anticipated to be located
within the anatomical region, automatically identifying a
corresponding VOI in the anatomical image (e.g., via the
coarse segmentation), e.g., and determining the initial VOI
as a rectangular region entirely enclosing all of the identified
VOIs corresponding to the particular tissue regions].

In certain embodiments, the first module receives a sub-
sampled [e.g., by a factor of two or more (e.g., four) along
one or more dimensions] version of the anatomical image as
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input and identifies the initial VOI using the sub-sampled
version of the anatomical image [e.g., and wherein the
second module receives a full resolution version of the
anatomical image, cropped to the initial VOI (e.g., such that
the first module operates on an lower resolution image that
represents a larger physical volume than the second module,
while the second module operates on a higher resolution
image but representing a smaller physical volume)].

In certain embodiments, the first module is a first CNN
module and the second module is a second CNN module,
and wherein the first CNN module comprises additional
filters in order to account for increased variability in image
size with respect to the second CNN module.

In certain embodiments, the 3D anatomical image is a full
body image and wherein, at step (b), the instructions cause
the processor to: automatically determine, using one or more
localization modules implementing machine learning tech-
nique(s) (e.g., wherein each localization module is a CNN
module that implements a CNN), a plurality of initial VOIs
within the 3D anatomical image, each initial VOI corre-
sponding to a particular anatomical region (e.g., a group of
related tissue, such as a pelvic region, a chest region, a head
and/or neck region, a spine region, an upper body region, a
lower body region, etc.) and in which an associated subset
of the target VOIs are located; and for each initial VOI,
automatically identify, using one or more segmentation
modules implementing machine learning technique(s) (e.g.,
wherein each segmentation module is a CNN module that
implements a CNN) the associated subset of target VOIs.

In certain embodiments, the plurality of initial VOIs
comprises one or more members selected from the group
consisting of: a pelvic region initial VOI corresponding to a
pelvic region of the subject (e.g., wherein the subset of target
VOIs located in the pelvic region initial VOI comprise one
or more target VOIs corresponding to target tissue regions
selected from the group consisting of a left and/or right
ilium, a sacrum, and a coccyx); a spine region initial VOI
corresponding to a spine of the subject (e.g., wherein the
subset of target VOIs located in the pelvic region initial VOI
comprise one or more target VOIs corresponding to target
tissue regions selected from the group consisting of a
thoracic vertebra, a lumber vertebra, and a sternum); a left
upper body region initial VOI corresponding to a left side of
the subject’s upper body (e.g., wherein the subset of target
VOIs located in the pelvic region initial VOI comprise one
or more target VOIs corresponding to target tissue regions
selected from the group consisting of one or more left rib(s),
a left scapula, and a left clavicle); and a right upper body
region initial VOI corresponding to a right side of the
subject’s upper body (e.g., wherein the subset of target VOIs
located in the pelvic region initial VOI comprise one or more
target VOIs corresponding to target tissue regions selected
from the group consisting of one or more right rib(s), a right
scapula, and a right clavicle).

In certain embodiments, the instructions cause the pro-
cessor to: (e) receive a 3D functional image of the subject
obtained using a functional imaging modality [e.g., single-
photon emission computed tomography (SPECT); e.g., posi-
tron emission tomography (PET)] [e.g., wherein the 3D
functional image comprises a plurality of voxels, each
representing a particular physical volume within the subject
and having an intensity value that represents detected radia-
tion emitted from a the particular physical volume, wherein
at least a portion of the plurality of voxels of the 3D
functional image represent physical volumes within one or
more of the target tissue regions of the subject]; and (f)
identify, within the 3D functional image, one or more 3D
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volume(s), each corresponding to an identified target VOI,
using the 3D segmentation map (e.g., by mapping 3D
segmentation masks of the 3D segmentation map to the 3D
functional image).

In certain embodiments, the instructions cause the pro-
cessor to: (g) determine a cancer status [(e.g., a prostate
cancer status; e.g., a metastatic cancer status (e.g., metastatic
cancer, including, e.g., metastatic prostate cancer, breast
cancer, lung cancer, colon cancer, skin cancer, etc.)] for the
subject (e.g., using intensities of voxels within the functional
image and the one or more identified 3D volumes)(e.g.,
based on detected lesions) [e.g., a likelihood of the subject
having and/or developing prostate cancer and/or a particular
stage of prostate cancer (e.g., metastatic prostate cancer)|
[e.g., a likelihood of the subject having and/or developing a
metastatic cancer (including, e.g., metastatic prostate cancer,
breast cancer, lung cancer, colon cancer, skin cancer, etc.)].

In certain embodiments, the instructions cause the pro-
cessor to perform steps (a)-(g) repeatedly for a plurality of
anatomical and corresponding functional images collected at
different time points to determine, at each time point, a
cancer status of the subject, thereby tracking cancer status
over time (e.g., to evaluate disease progression and/or treat-
ment efficacy).

In certain embodiments, the instructions cause the pro-
cessor to (e.g., prior to step (g)): (h) automatically adjust
intensities of voxels of the 3D functional image to correct for
background uptake (e.g., of the radiopharmaceutical) in one
or more background tissue regions (e.g., correcting for
uptake of the radiopharmaceutical that occurs in the one or
more background tissue regions under normal circum-
stances, and which is not necessarily indicative of presence
of cancerous lesions).

In certain embodiments, the target tissue regions comprise
the one or more background tissue regions and wherein, at
step (h), the instructions cause the processor to: use the 3D
segmentation map to identify, within the 3D functional
image, one or more 3D background tissue volume(s), each
corresponding a particular background tissue region (e.g., by
mapping 3D segmentation masks of the 3D segmentation
map to the 3D functional image); and adjust intensities of
voxels of the 3D functional image based on intensities of
voxels within the 3D background tissue volumes (e.g., by
using intensities of voxels within the 3D background tissue
volumes to estimate a contribution to intensities outside of
the 3D background tissue volumes).

In certain embodiments, the one or more background
tissue regions comprise one or more members selected from
the group consisting of: a bladder (e.g., a urinary bladder),
a kidney, a duodenum, a small intestine, a spleen, a liver, a
pancreas, a stomach, an adrenal gland, a rectum, and testes.

In certain embodiments, the instructions cause the pro-
cessor to: (i) automatically detect one or more hotspots
within the 3D functional image determined to represent
lesions based on intensities of voxels within the 3D func-
tional image [e.g., based on a comparison of intensities
within the 3D functional image with a threshold value (e.g.,
wherein the 3D functional image is a 3D PET image and the
threshold is a particular standard uptake value (SUV) level)]|
(e.g., and also based on the one or more 3D volumes
identified within the 3D functional image).

In certain embodiments, at step (i), the instructions cause
the processor to use one or more thresholds [e.g., comparing
intensities of voxels in the 3D functional image with the one
or more thresholds (e.g., wherein the one or more thresholds
comprises a plurality of region-specific thresholds, each
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used for a specific sub-set of the one or more 3D volumes
identified within the 3D functional image)].

In certain embodiments, at step (i), the instructions cause
the processor to apply one or more filters to the 3D func-
tional image [e.g., as in a blob detection technique; e.g.,
wherein the one or more filters comprises one or more
Gaussian filters (e.g., a high pass Gaussian filter and a low
pass Gaussian filter, as in a Difference of Gaussians
approach); e.g., wherein the one or more filters comprises a
Laplacian filter (e.g., as in a Laplacian of a Gaussian
technique); e.g., wherein different filter kernels are used for
different sub-sets of the one or more 3D volumes identified
within the 3D functional image].

In certain embodiments, at step (i), the instructions cause
the processor to use a combination of two or more tech-
niques for identification of hotspots in different sub-sets of
the one or more 3D volumes identified within the 3D
functional image [e.g., using a first filtering approach (e.g.,
as in paragraphs above) for a first sub-set of the one or more
3D volumes and using a second filtering approach for a
second sub-set; e.g., using thresholding approach (e.g., as in
paragraphs above) for a first sub-set of the one or more 3D
volumes and using a filtering approach (e.g., as in para-
graphs above) for a second sub-set of the one or more 3D
volumes].

In certain embodiments, at step (i), the instructions cause
the processor to detect an initial set of hotspots and, for at
least a portion of the hotspots of the initial set, classify each
hotspot of at least a portion of the detected hotspots as either
a cancerous lesion or not a cancerous lesion (e.g., as noise)
[e.g., using a machine learning module; e.g., based on a
shape and/or location of the hotspot (e.g., in combination
with anatomical knowledge; e.g., wherein the location
includes an identification of a particular target tissue region
corresponding to the 3D volume in which the hotspot is
located and/or a relative position of the hotspot within the
particular target tissue region); e.g., and removing hotspots
classified as not a cancerous lesion from the initial set,
thereby obtaining a final set of hotspots determined to
represent lesions].

In certain embodiments, the target tissue regions comprise
one or more background tissue regions and the instructions
cause the processor to: use the 3D segmentation map to
identify, within the 3D functional image, one or more 3D
background tissue volume(s), each corresponding a particu-
lar background tissue region (e.g., a background tissue
region in which significant radiopharmaceutical uptake
occurs under normal circumstances and is not necessarily
indicative of presence of cancerous lesions)(e.g., by map-
ping 3D segmentation masks of the 3D segmentation map to
the 3D functional image); and exclude voxels of the 3D
within the 3D background tissue from the voxels used to
automatically detect the one or more hotspots at step (i).

In certain embodiments, the instructions cause the pro-
cessor to use the one or more detected hotspots (e.g.,
intensities of the one or more detected hotspots) to deter-
mine a cancer status for the subject.

In certain embodiments, the target tissue regions comprise
one or more reference tissue regions and the instructions
cause the processor to: use the 3D segmentation map to
identify, within the 3D functional image, one or more 3D
reference volume(s), each corresponding to a particular
reference tissue region; determine one or more reference
intensity values, each associated with a particular 3D refer-
ence volume of the one or more 3D reference volume(s) and
corresponding to a measure of (e.g., an average/mean, a
median, a maximum, etc.) intensity within the particular 3D
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reference volume; determine one or more individual hotspot
intensity values, each associated with a particular hotspot of
at least a portion of the detected one or more hotspots and
corresponding to a measure of (e.g., an average/mean, a
median, a maximum, etc.) intensity of the particular hotspot;
and determine one or more individual hotspot index values
using the one or more individual hotspot intensity values and
the one or more reference intensity values [e.g., wherein
each individual hotspot index value is associated with a
particular hotspot of the at least a portion of the detected one
or more hotspots and determined using (e.g., based on a
comparison between) (i) the individual hotspot intensity
value associated with the particular hotspot and (ii) the one
or more reference intensity values].

In certain embodiments, the instructions cause the pro-
cessor to determine the one or more individual hotspot index
values by mapping each of the one or more reference
intensity values to a corresponding reference index value on
a scale and, for each individual hotspot intensity value, using
the reference intensity values and corresponding reference
index values to interpolate a corresponding individual hot-
spot index value.

In certain embodiments, the reference tissue regions com-
prise one or more members selected from the group con-
sisting of: a liver, an aorta (e.g., a thoracic aorta portion; e.g.,
an abdominal aorta portion), and a parotid gland.

In certain embodiments, a first reference intensity value
(1) is a blood reference intensity value associated with a 3D
reference volume corresponding to an aorta portion, and (ii)
maps to a first reference index value; a second reference
intensity value (i) is a liver reference intensity value asso-
ciated with a 3D reference volume corresponding to a liver,
and (i) maps to a second reference index value; and the
second reference intensity value is greater than the first
reference intensity value and the second reference index
value is greater than the first reference index value.

In certain embodiments, the reference intensity values
comprises a maximum reference intensity value that maps to
a maximum reference index value, and wherein hotspots
having associated hotspot intensity values greater than the
maximum reference intensity value are assigned hotspot
index values equal to the maximum reference index value.

In certain embodiments, the instructions cause the pro-
cessor to determine an overall index value indicative of a
cancer status of the subject using at least a portion of the one
or more hotspot index values.

In certain embodiments, the overall index value is deter-
mined as a weighted sum of at least a portion [e.g., located
within a 3D volume of the functional image that corresponds
to a skeletal region of the subject; e.g., located within a 3D
volume of the functional image that corresponds to a lymph
region of the subject] of the individual hotspot index values
[e.g., wherein each hotspot index value in the sum is
weighted by a measure of size (e.g., 3D volume; e.g.,
average diameter) of the associated hotspot].

In certain embodiments, the overall index value is asso-
ciated with a particular target tissue region corresponding to
a particular target VOI identified within the anatomical
image; and the overall index value is determined using
hotspot index values of a subset of hotspots located within
a particular 3D volume in the 3D functional image that
corresponds to the particular identified target VOI [e.g., and
wherein the overall index value is computed as a weighted
sum of the hotspot index values of the subset of hotspots
(e.g., wherein the weighted sum is normalized by an esti-
mated volume of the particular target tissue region (e.g.,
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computed as a volume of the particular 3D volume in the
function image and/or a volume of the particular target
VO]

In certain embodiments, the particular target tissue region
is selected from the group consisting of: a skeletal region
comprising one or more bones of the subject, a lymph
region, and a prostate region.

In certain embodiments, the 3D anatomical image is an
x-ray computed tomography (CT) image, and the 3D func-
tional image is a 3D single photon emission computed
tomography (SPECT) image.

In certain embodiments, the 3D anatomical image is an
x-ray computed tomography (CT) image, and the 3D func-
tional image is a 3D positron emission tomography (PET)
image.

In certain embodiments, the 3D PET image of the subject
is obtained following administration to the subject of a
radiopharmaceutical comprising a prostate-specific mem-
brane antigen (PSMA) binding agent.

In certain embodiments, the radiopharmaceutical com-
prises [18F]DCFPyL.

In certain embodiments, at step (b), the instructions cause
the processor to crop the 3D anatomical image to remove
voxels representing air [e.g., to create a cropped anatomical
image, and using the cropped anatomical image to identify
the one or more target VOIs (e.g., using the cropped ana-
tomical image is used as input to one or more machine
learning modules, as opposed to the original size 3D ana-
tomical image)].

In certain embodiments, the target tissue regions comprise
one or more members selected from the group consisting of:
a left hip bone, a right hip bone, a sacrum and coccyx region,
a left clavicle, a right clavicle, a left rib, a right rib, a left
scapula, a right scapula, a sternum, a lumbar vertebra, a
thoracic vertebra, a skull, a cervical vertebra, a left femur, a
right femur, a left humerus, a right humerus, a prostate, a
urinary bladder, a rectum, a left gluteus maximus, a right
gluteus maximus, an aorta (e.g., a thoracic aorta portion;
e.g., an abdominal aorta portion), a left kidney, a right
kidney, a liver, a left lung, a right lung, a spleen, a ventricle,
a left adrenal gland, a right adrenal gland, a gallbladder, a
brain, a pancreas, a heart, a mandible, a left bronchi, a right
bronchi, a trachea, a left common iliac artery, a right
common iliac artery, and a parotid gland.

In certain embodiments, one or more of the target tissue
regions comprise one or more specific bones selected from
the group consisting of: a left clavicle, a right clavicle, a left
femur, a right femur, a left fibula, a right fibula, a left hip
bone, a right hip bone, a left humerus, a right humerus, a
mandible, a left patella, a right patella, left radius, a right
radius, a left tibia, a right tibia, a left ulna, a right ulna, a left
rib (e.g., a first left rib, a second left rib, a third left rib, a
fourth left rib, a fifth left rib, a sixth left rib, a seventh left
rib, an eighth left rib, a ninth left rib, a tenth left rib, an
eleventh left rib, a twelfth left rib), a right rib (e.g., a first
right rib, a second right rib, a third right rib, a fourth right
rib, a fifth right rib, a sixth right rib, a seventh right rib, an
eighth right rib, a ninth right rib, a tenth right rib, an eleventh
right rib, a twelfth right rib), a sacrum and coccyx (e.g., a
combined sacrum and coccyx region; e.g., a sacrum and a
coccyx individually, so as to distinguish between the two),
a left scapula, a right scapula, a skull, sternum, a vertebrae
region [e.g., a cervical vertebrae region, comprising one or
more (e.g., up to all) cervical vertebrae; e.g., a lumber
vertebrae region, comprising one or more (e.g., up to all)
lumbar vertebrae; e.g., a thoracic vertebrae region, compris-
ing one or more (e.g., up to all) thoracic vertebrae], and an
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individual vertebra [e.g., e.g., an individual cervical vertebra
(e.g., a first cervical vertebra, a second cervical vertebra, a
third cervical vertebra, a fourth cervical vertebra, a fifth
cervical vertebra, a sixth cervical vertebra, a seventh cervi-
cal vertebra); e.g., an individual lumbar vertebra (e.g., a first
lumbar vertebra, a second lumbar vertebra, a third lumbar
vertebra, a fourth lumbar vertebra, a fifth lumbar vertebra, a
sixth lumbar vertebra); e.g., an individual thoracic vertebra
(e.g., a first thoracic vertebra, a second thoracic vertebra, a
third thoracic vertebra, a fourth, thoracic vertebra, a fifth
thoracic vertebra, a sixth thoracic vertebra, a seventh tho-
racic vertebra, an eighth thoracic vertebra, a ninth thoracic
vertebra, a tenth thoracic vertebra, an eleventh thoracic
vertebra, an twelfth thoracic vertebra)].

In certain embodiments, one or more of the target tissue
regions comprise one or more specific bones selected from
the group consisting of: a left clavicle, a right clavicle, a left
hip bone, a right hip bone, a left rib (e.g., a first left rib, a
second left rib, a third left rib, a fourth left rib, a fifth left rib,
a sixth left rib, a seventh left rib, an eighth left rib, a ninth
left rib, a tenth left rib, an eleventh left rib, a twelfth left rib),
a right rib (e.g., a first right rib, a second right rib, a third
right rib, a fourth right rib, a fifth right rib, a sixth right rib,
a seventh right rib, an eighth right rib, a ninth right rib, a
tenth right rib, an eleventh right rib, a twelfth right rib), a
sacrum and coccyx (e.g., a combined sacrum and coccyx
region; e.g., a sacrum and a coccyx individually, so as to
distinguish between the two), a left scapula, a right scapula,
a sternum, a vertebrae region [e.g., a cervical vertebrae
region, comprising one or more (e.g., up to all) cervical
vertebrae; e.g., a lumber vertebrae region, comprising one or
more (e.g., up to all) lumbar vertebrae; e.g., a thoracic
vertebrae region, comprising one or more (e.g., up to all)
thoracic vertebrae|, and an individual vertebra [e.g., an
individual lumbar vertebra (e.g., a first lumbar vertebra, a
second lumbar vertebra, a third lumbar vertebra, a fourth
lumbar vertebra, a fifth lumbar vertebra); e.g., an individual
thoracic vertebra (e.g., a first thoracic vertebra, a second
thoracic vertebra, a third thoracic vertebra, a fourth, thoracic
vertebra, a fifth thoracic vertebra, a sixth thoracic vertebra,
a seventh thoracic vertebra, an eighth thoracic vertebra, a
ninth thoracic vertebra, a tenth thoracic vertebra, an eleventh
thoracic vertebra, an twelfth thoracic vertebra)].

In certain embodiments, one or more of the target tissue
regions comprise one or more soft-tissue regions (e.g.,
organs) selected from the group consisting of: a left adrenal
gland, a right adrenal gland, an aorta (e.g., a thoracic aorta
portion; e.g., an abdominal aorta portion), a brain, a left
bronchi, a right bronchi, a gallbladder, a left gluteus maxi-
mus, a right gluteus maximus, a heart, a left common iliac
artery, a right common iliac artery, a left kidney, a right
kidney, a liver, a left lung, a right lung, a pancreas, a prostate,
a rectum, a spleen, a trachea, a urinary bladder, a ventricle,
and a parotid gland.

In certain embodiments, the one or more target tissue
regions comprise one or more soft-tissue regions (e.g.,
organs) selected from the group consisting of: a gallbladder,
a left kidney, a right kidney, a liver, a left lung, a right lung,
a prostate, and a urinary bladder.

In certain embodiments, the target tissue regions comprise
one or more bone regions, each corresponding to a specific
bone [e.g., where the target tissue regions comprise at least
a portion of (e.g., up to all) the bones listed in paragraphs
above] and one or more soft tissue regions, each correspond-
ing to a specific soft-tissue region [e.g., where the target
tissue regions comprise at least a portion of (e.g., up to all)
the soft-tissue regions listed in paragraphs above].






