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UNITED STATES DISTRICT COURT
FOR THE DISTRICT OF MASSACHUSETTS

)
PROGENICS PHARMACEUTICALS, INC,, )
and EXINI DIAGNOSTICS AB, )
)
Plaintiffs, )
) Civil Action No.

V. )

) JURY TRIAL DEMANDED
MIM SOFTWARE INC., )
Defendant. g
)

COMPLAINT

Plaintiffs Progenics Pharmaceuticals, Inc. (“Progenics”) and EXINI Diagnostics AB
(“EXINTI”) (collectively, “Plaintiffs”) hereby file this Complaint for patent infringement against
Defendant MIM Software Inc. (“MIM”), alleging as follows:

NATURE OF THE ACTION

1. This case is about medical imaging technology that enables improved diagnosis and
treatment of cancer and other serious diseases. Plaintiffs pioneered techniques to advance the
reliability and accuracy of diagnostic imaging tests like computed tomography (CT) scans or
positron emission tomography (PET) scans. More specifically, the inventors developed and
patented new systems and methods to help physicians more consistently and accurately interpret
the images produced by those types of scans.

2. Plaintiffs own numerous patents that claim inventions in the field of medical
imaging analysis and interpretation, specifically including U.S. Patent No. 10,665,346 (the “‘346

patent), and U.S. Patent No. 10,973,486 (the ““486 patent”) (the “Asserted Patents”).
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3. Through this case, Plaintiffs seek to protect their significant investment in medical
imaging technology, which facilitates their commitment to the advancement of disease diagnosis
and treatment.

4. In doing so, Plaintiffs aim to redeem the basic principle that Defendant MIM cannot
infringe Plaintiffs’ patents simply because MIM would prefer not to pay for a license to Plaintiffs’
coveted, patented technology.

5. Defendant MIM sells imaging tools for radiation oncology, radiology, and nuclear
medicine, including software products like Contour Protégé AI® and MIM SurePlan™ MRT (the
“Infringing Products”), as well as other products like LesionID®, that display scan results to
physicians. In 2020, MIM and Plaintiffs began discussing potentially integrating the inventions
claimed in the Asserted Patents (amongst other technological advances) into MIM’s nuclear
imaging software platform. Pursuant to a Confidential Disclosure Agreement signed in 2021,
Plaintiffs agreed to explore a possible integration with MIM. In other words, MIM was
considering licensing Plaintiffs’ patented technology so that the two companies could partner. As
part of that effort, Plaintiffs shared their patented inventions with MIM and helped MIM consider
how those inventions could improve MIM’s software. One of the inventors of the ‘486 patent
(Karl Sjostrand) even agreed to work with MIM on that project.

6. In October 2022, about two years after the partnership discussions began, Plaintiffs
sent MIM a draft Collaboration Agreement. The agreement included a list of Plaintiffs’ relevant
patents—including the Asserted Patents.

7. Months went by, and Plaintiffs heard nothing back from MIM about the draft
Agreement, even though MIM continued to emphasize its interest in incorporating Plaintiffs’

patented technology into MIM’s software.
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8. Clouds gathered around June 2023 when Plaintiffs discovered that MIM had begun
publishing articles and website materials about apparently new features included in two MIM
products—Contour Protégé AI® and MIM SurePlan™ MRT (the “Infringing Products). MIM’s
publications were and are troubling to Plaintiffs. They plainly show that MIM took the inventions
claimed in the Asserted Patents and, instead of licensing the technology from Plaintiffs, simply
integrated the inventions into the Infringing Products without Plaintiffs’ permission.

0. Making matters worse, MIM relied on Plaintiffs’ patented innovations to induce
GE HealthCare to acquire MIM in January of this year. Apparently, MIM had been pursuing
acquisition by GE HealthCare for months while simultaneously incorporating Plaintiffs’ patented
inventions into MIM’s software.

10.  Upon information and belief, MIM disregarded the Asserted Patents after deciding
that it was simply more convenient than paying for a license to use them. MIM infringed the
Asserted Patents to both improve its software and market itself to its eventual acquirer, GE
HealthCare.

11.  Plaintiffs thus bring this suit to put a stop to MIM’s illegal conduct and obtain
compensation for MIM’s intentional wrongdoing.

THE PARTIES

12.  Plaintiff Progenics is a corporation organized and existing under the laws of the
State of Delaware, having its principal place of business at 201 Burlington Road, South Building,
Bedford, Massachusetts, 01730. Progenics is an oncology company focused on the development
and commercialization of innovative targeted medicines and artificial intelligence to find, fight,
and follow cancer.

13. Plaintiff EXINI is a corporation organized and existing under the laws of Sweden,

having its principal place of business at Scheelevdgen 27, Ideon Science Park, Gateway, 223 70
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Lund, Sweden. EXINI develops advanced software for medical image analysis. EXINI’s products
are developed using unique image analysis derived from expert knowledge in nuclear medicine,
image analysis, handling of large databases, and machine learning.

14. Defendant MIM is a corporation organized and existing under the laws of the State
of Ohio, having its principal place of business at 25800 Science Park Drive, Suite 180, Cleveland,
Ohio, 44122. MIM sells imaging tools for radiation oncology, radiology, nuclear medicine,
urology, neuroimaging, and cardiac imaging.

JURISDICTION AND VENUE

15. This action arises under the patent laws of the United States, 35 U.S.C. § 100 et
seq., and this Court has jurisdiction over the subject matter of this action under 28 U.S.C. §§ 1331
and 1338(a).

16. This Court has personal jurisdiction over MIM because, upon information and
belief, MIM, directly or through its affiliates, develops, manufactures, imports, markets, offers to
sell, sells, and/or distributes its software products throughout the United States, including in
Massachusetts (including to various renowned Massachusetts-based hospitals and cancer centers,
including, upon information and belief, Dana Farber, Massachusetts General Hospital, and
Harvard Medical School). MIM, therefore, does business in Massachusetts, derives revenue from
conducting business in Massachusetts, and maintains continuous and systematic contacts with
Massachusetts. The Court also has personal jurisdiction over MIM because MIM has committed,
induced, or contributed to acts of patent infringement in Massachusetts by selling its infringing
software products throughout the United States, including in this judicial district.

17. Venue is proper in this district under 28 U.S.C. §§ 1391 and 1400.
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FACTUAL BACKGROUND
A. Medical Imaging for Cancer and Other Serious Diseases.
18. One major challenge in treating and managing cancer (and other serious diseases)

has long been the difficulty of accurately and consistently interpreting the diagnostic images
produced by medical imaging tools.

19.  Both anatomical scans (like X-rays or CT) and functional scans (like PET or single-
photon emission computed tomography (SPECT)) are valuable tools. But before the inventions
claimed in the Asserted Patents, physicians faced major obstacles in using those scans to form a
complete and trustworthy picture of a patient’s disease.

20. One difficulty was that each type of scan could only capture part of the relevant
picture for any given patient. Anatomical scans capture images of the anatomy or structure of
organs and tissues within the body (but not the function); functional scans capture the activity and
function of those organs or tissues (but not the anatomy/structure). As applied to cancer, an
anatomical scan thus cannot reliably detect the activity of a tumor, whereas a functional scan can
struggle to differentiate between the organs and tissue surrounding a tumor. Physicians were left
to parse two different types of scans to try to piece together the full picture, and this often led to
inaccurate or inconsistent diagnoses or treatments.

21.  More broadly, the traditional process for interpreting medical imaging—which
involved a physician receiving one or more different scan images prepared by a computer—Ieft
room for human error. Without any automated integration, mapping, and assessment of those scan
results, a physician might misinterpret a PET scan (or a combination of a CT scan and a PET scan)

and miss a critical diagnostic insight that could save a patient’s life.
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22. Plaintiffs’ claimed inventions were therefore major advances in overcoming the
limitations of medical imaging interpretation, including in the field of (but not limited to) cancer
diagnosis and treatment.

B. Plaintiffs’ Asserted Patents Claim Major Advances in the Interpretation of Medical
Imaging for Cancer and Other Diseases.

23. Plaintiffs spent at least five years and millions of dollars to develop solutions that
unlock medical imaging’s full potential. Plaintiffs’ efforts culminated in the inventions claimed
in the Asserted Patents (as well as other patents).

24.  Plaintiffs’ patented innovations improved the reliability and accuracy of medical
imaging interpretation by (amongst other things): (a) using Al algorithms to reliably segment the
organs (and lesions) captured in scans; (b) using a two-step segmentation technique to identify and
flag organs, lesions, and/or other points of interest on the scan; and (c) creating graphical interfaces
that report scan results in a way that benefits from segmentation and two-step segmentation to
provide reliable risk insights to help ensure accurate diagnosis and treatment by physicians.

25. U.S. Patent No. 10,665,346 (“the ‘346 patent”), entitled “Network for Medical
Image Analysis, Decision Support System, and Related Graphical User Interface (GUI)
Applications,” was duly and legally issued by the Patent Office on May 26, 2020, and has not
expired. The ‘346 patent is assigned to Progenics. This patent claims, inter alia, a platform and
supported graphical user interface (GUI) decision-making tools for use by medical practitioners
(and/or their patients) to aid in the process of making decisions about a course of cancer treatment
(and/or to track treatment and/or the progress of the disease). A true and correct copy of this patent
is attached as Exhibit 1.

26. U.S. Patent No. 10,973,486 (“the ‘486 patent”), entitled “Systems and Methods for

Rapid Neural Network-based Image Segmentation and Radiopharmaceutical Uptake
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Determination,” was duly and legally issued by the Patent Office on April 13, 2021, and has not
expired. The ‘486 patent is assigned to Progenics and EXINI. This patent claims, inter alia,
systems and methods that provide for automated analysis of 3D medical images of a patient in
order to automatically identify specific 3D volumes within the 3D images that correspond to
specific organs and/or tissue. This kind of accurate identification of 3D volumes allows one to
determine quantitative metrics that measure uptake of tracers in particular organs/tissues, which
can in turn be used to assess disease state in a patient (including, but not limited to, prostate cancer).
A true and correct copy of this patent is attached as Exhibit 2.

217. The Asserted Patents generally describe inventions for improving the reliability,
usability, and accuracy of medical imaging, including by: (a) using Al algorithms to help segment
the 3D image into different organs (or tissues), thus allowing for clearer differentiation of organs,
tissues, and lesions, (b) using a two-step segmentation technique, whereby volumes of interest
(say, the pelvic region) are first localized within a large and complex 3D image, and are then
analyzed by fine-grained segmentation modules, allowing those segmentation modules to
efficiently and accurately identify critical organs and tissue regions, such as prostate, in medical
images, and/or (c) analyzing scan results to prepare a risk map that analyzes areas of importance
of concern for physician and patient review.

28. The inventions claimed in the Asserted Patents improve upon prior art by increasing
the reliability, accuracy, and usability of medical imaging for cancer diagnoses and treatment.

29.  For example, representative claim 1 of the *346 patent recites:

A network-based system for generating a disease risk map for use as a decision-making support
for evaluating risk of cancer or risk of recurrence of cancer, the system comprising:

a processor; and
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a memory having instructions stored thereon, wherein the instructions, when executed by
the processor, cause the processor to:

(1) access one or more medical images associated with a particular patient from a database;

(i1) perform an analysis of the one or more medical images associated with the particular
patient using a machine learning algorithm, to generate the risk map, wherein the risk map
comprises a visual representation of tissue overlaid with graphical denotations marking one or
more regions of risk of cancer or risk of recurrence of cancer; and

(ii1) cause display of risk map via a graphical user interface (GUI) for presentation or
review of the risk map by a user,

wherein the analysis of the one or more medical images comprises creation of a 3D image of the
one or more regions of risk of cancer or risk of recurrence of cancer overlaid on the one or more
medical images, and wherein the 3D image comprises geographic identification of one or more
specific tissue region(s) overlaid on the one or more medical images.

30. Representative claim 42 of the 486 patent recites:

A method for automatically processing 3D images to identify 3D volumes within the 3D images
that correspond to a prostate of a subject and determining one or more uptake metrics indicative
of radiopharmaceutical uptake therein, the method comprising:

(a) receiving, by a processor of a computing device, a 3D anatomical image of the subject
obtained using an anatomical imaging modality, wherein the 3D anatomical image comprises a
graphical representation of tissue within a subject, at least a portion of which corresponds to a
pelvic region of the subject;

(b) receiving, by the processor, a 3D functional image of the subject obtained using a
functional imaging modality, 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 radiation emitted from the particular physical volume, wherein at least a
portion of the plurality of voxels of the 3D functional image represent physical volumes within the
pelvic region of the subject;

(c) determining, by the processor, using a first module, an initial volume of interest (VOI)
within the 3D anatomical image, the initial VOI corresponding to tissue within the pelvic region
of the subject and excluding tissue outside the pelvic region of the subject;

(d) identifying, by the processor, using a second module, a prostate volume within the
initial VOI corresponding to the prostate of the subject;

(e) determining, by the processor, the one or more uptake metrics using the 3D functional
image and the prostate volume identified within the initial VOI of the 3D anatomical image;

Page 8 of 194 MIM Ex1039
MIM Software Inc. v. Progenics Pharmaceuticals, Inc.
Trial IPR2025-00725



Case 1:24-cv-10437 Document 1 Filed 02/23/24 Page 9 of 25

(f) causing, by the processor, display of an interactive graphical user interface (GUI) for
presentation to the user of a visual representation of the 3D anatomical image and/or the 3D
functional image; and

(g) causing, by the processor, graphical rendering of, within the GUI, the 3D anatomical
image and/or the 3D functional image as selectable and superimposable layers, such that either can
be selected for display and rendered separately, or both selected for display and rendered together
by overlaying the 3D anatomical image with the 3D functional image.

31.  The inventions of the Asserted Patents address technological limitations of medical
imaging interpretation that were not routine or conventional at the time of the invention. A person
of ordinary skill in the art reading the Asserted Patents and their claims would understand that (a)
the Asserted Patents’ disclosures and claims solve specific problems, and (b) the claimed

inventions represent significant advances in the technical field.

C. 2020-2022: Plaintiffs and MIM Explore Possible Collaboration Involving the
Inventions Claimed in Plaintiffs’ Asserted Patents.

32. Upon information and belief, MIM infringed (and is infringing) the Plaintiffs’
Asserted Patents because MIM decided—after years of negotiations with Plaintiffs about a
possible collaboration—that it wanted to use Plaintiffs’ patented inventions without paying for
them.

33. Around June 2020, MIM and EXINI (and Plaintiffs’ parent company, Lantheus
Holdings, Inc.) began discussions about a potential collaboration involving (amongst other things)
the inventions claimed by the Asserted Patents. More specifically, MIM was interested in
integrating the claimed inventions into MIM’s nuclear imaging software.

34, The following year, MIM worked with Karl Sjostrand at EXINI—who is an
inventor on the ‘486 patent—to explore powering MIM’s systems with Plaintiffs’ patented
algorithms (including the inventions in the Asserted Patents).

35. Reflecting the substantiveness and seriousness of these discussions, the parties

entered into a Confidential Disclosure Agreement in October 2021.
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36. These discussions continued into 2022, and included giving MIM access to
Plaintiffs’ systems to review the capabilities and function of Plaintiffs’ patented inventions.

37. Around October 2022, Plaintiffs sent MIM a draft Collaboration Agreement.

38. The draft Collaboration Agreement included a list of Plaintiffs’ patents that claimed
the inventions that the parties had discussed sharing.

39.  Both Asserted Patents were on that list, indicating that MIM was considering
implementing and using Plaintiffs’ patented technology. Plaintiffs, too, were considering a
collaboration — but only if it agreed to partnership terms.

40. Plaintiffs followed up with MIM a few times in late 2022 and 2023, as Plaintiffs
waited to hear back from MIM about the draft Collaboration Agreement.

41. Plaintiffs never heard back.

D. MIM Markets and Sells Infringing Products and Pursues Acquisition by GE
HealthCare.

42.  Instead, Plaintiffs discovered around June 2023 that MIM was publishing articles,
brochures, and website information about the two Infringing Products (Contour Protégé AI® and
MIM SurePlan™ MRT). These materials plainly indicate that the Infringing Products practice the
inventions claimed in the Asserted Patents as discussed below.

43.  MIM is making, using, offering to sell, and selling products that infringe the
Asserted Patents.

44.  Not only did MIM develop through imitation, market, and sell the Infringing
Products, MIM also benefited from the Infringing Products because (upon information and belief)
those products—and Plaintiffs’ patented inventions embodied in those Infringing Products—
enticed GE HealthCare to acquire MIM. See “GE HealthCare Announces Agreement to Acquire

MIM Software” (Jan. 8, 2024), available at
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https://www.gehealthcare.com/about/newsroom/press-releases/ge-healthcare-announces-
agreement-to-acquire-mim software.

45. GE HealthCare announced in a recent press release its plan to acquire MIM. In that
press release, GE HealthCare emphasized how the inventions claimed by the Asserted Patents—
which MIM integrated into the Infringing Products—were a main reason GE HealthCare decided
to acquire MIM.

46. The press release states, in relevant part:

MIM Software’s portfolio of innovative imaging solutions provides a variety of beneficial

features, including: the integration of diagnostic images from multiple modalities into

treatment plans; automation to help reduce repetitive tasks and manual interventions;
quantitation and advanced processing in diagnostic imaging and nuclear medicine to
help determine therapy response . . . GE HealthCare expects to integrate MIM Software
solutions into its advanced visualizations to facilitate Al-based segmentation and
contouring as well as dosimetry analysis for patients across their treatment journeys and
in the growing fields of radiology, molecular imaging, and radiation oncology.

Id. (emphasis added).

47. The release is replete with references to Plaintiffs’ claimed inventions. For
example, the reference to “integration of diagnostic images from multiple modalities™ is captured,
inter alia, by claim 42 of the ‘486 patent, which describes integrating anatomical and functional
diagnostic images into the creation of treatment plans. The reference to ‘“quantitation and
advanced processing in diagnostic imaging” refers to, inter alia, claim 1 of the ‘346 patent and the
use of Al to create tailored risk maps of cancer/disease risk based on analysis of medical images.
And the reference to “Al-based segmentation and contouring” refers to the Al-assisted organ
segmentation described across multiple claims of the Asserted Patents. All of these GE HealthCare

statements indicate that MIM’s use of the patented inventions in its software was a key driver of

GE HealthCare’s decision to acquire MIM.
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48. The GE HealthCare press release, however, is not the only public source that
reveals MIM’s unlawful use of the Asserted Patents in the Infringing Products.

49. MIM publishes information about the Infringing Products on its website, including
via product brochures. MIM’s website explains that the brochures “[t]ake a closer look at MIM’s
solutions and products in downloadable PDFs.” See MIM Brochures, available at
https://www.mimsoftware.com/literature/brochures (accessed on Jan. 30, 2024).

50. These publications reflect several ways that the Infringing Products practice the
inventions claimed by the Asserted Patents.

51. For example, MIM’s publications show that the Infringing Products possess each
element of representative claim 1 of the ‘346 patent.

52. The preamble to claim 1 describes “[a] network-based system for generating a
disease risk map for use as a decision-making support for evaluating risk of cancer of risk of
recurrence of cancer . ..” See ‘346 patent, at col. 35:46-49 (claim 1 preamble). MIM’s brochure
entitled “Molecular Radiotherapy Dosimetry” describes how the Infringing Products “Deliver Al
on Premise or in the Cloud”—in other words, on a “network-based system.” See ‘“Molecular
Radiotherapy Dosimetry” brochure, available at
https://go.mimsoftware.com/hubfs/00 Website/02 Literature Case
Studies/Brochures/TD1000-MIM_Nuclear Medicine. MRT Brochure-20230608.pdf (accessed
on Jan. 30, 2024), at 6. The brochure also describes how the Infringing Products provide a
decision-support tool that “allow[s] for effective communication with patients and referring
physicians,” and for “track[ing] dose across therapy cycles and quickly review tumor progression.”
Id. at 10. A different MIM brochure entitled “Nuclear Imaging and Nuclear Medicine Diagnostic

Solutions” describes how the Infringing Products “Empower Clinical Decisions” by “mak[ing]
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capturing dosimetry information clinically feasible,” and “offer[ing] deep-learning algorithms that
expedite the segmentation process.” See ‘“Nuclear Imaging and Nuclear Medicine Diagnostic
Solutions”, available at https://go.mimsoftware.com/hubfs/ Market/MIM%?20General/Brochures
/Radiology%20and%20Nuclear%20Medicine/MIM%?20Nuclear%20Medicine%20Diagnostic%2
0Solutions%20Brochure.pdf (accessed Jan. 30, 2024) at 10. These disclosures illustrate that the
Infringing Products possess the preamble of claim 1.

53. The Infringing Products also possess the first limitation of claim 1 of the ‘346
patent! because the Infringing Products access scan images for particular patients from an
electronic database, and then present those images to clinicians and patients. A MIM brochure,
for example, notes how “Contour ProtégéAl for MIM SurePlan MRT has flexible deployment
models that allow for easier adoption across any institution.” See “Molecular Radiotherapy
Dosimetry” brochure, available at
https://go.mimsoftware.com/hubfs/00 Website/02 Literature Case
Studies/Brochures/TD1000-MIM_Nuclear Medicine MRT_Brochure-20230608.pdf (accessed
on Jan. 30, 2024) at 6. The brochure also shows an image of a patient scan presented on a screen.
Id. MIM’s website also refers to how MIMcloud can “push and pull images, and easily share
studies . . .” See  MIMCloud, available at https://www.mimsoftware.com/remote-
access/mimcloud (accessed Jan. 30, 2024).

54. The Infringing Products also possess the second limitation of claim 1 of the ‘346

patent® because MIM SurePlan™ MRT uses Contour ProtégéAI® which, according to a MIM

I See claim 1(a) (“access[es] one or more medical images associated with a particular patient from a
database.”).

2 See claim 1(b) (“perform[ing] an analysis of the one or more medical images associated with the particular
patient using a machine learning algorithm, to generate a risk map, wherein the risk map comprises a visual
representation of tissue overlaid with graphical denotations marking one or more regions of risk of cancer

L),
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brochure, ‘“segment[s] normal structures with artificial intelligence.” See “Molecular
Radiotherapy = Dosimetry”  brochure, available at https://go.mimsoftware.com/hubfs/
00 Website/02 Literature Case Studies/Brochures/TD1000-MIM_Nuclear Medicine MRT
Brochure-20230608.pdf (accessed on Jan. 30, 2024), at 6; see also id. (“Triggered automatically
upon image arrival, Contour ProtégéAl and MIM SurePlan MRT uses a neural network for
segmenting normal structures on CT images. Results are more accurate than atlas-based
approaches so users spend less time editing.”). The same brochure also discusses how MIM
SurePlan™ MRT uses PET Edge to create a contour of tumor regions that is overlaid on a
SPECT/CT image. Id.

55. The Infringing Products also possess the third limitation of claim 1 of the ‘346
patent® because, as reflected in the image below from a MIM brochure, MIM SurePlan™ MRT

displays the risk map (i.e., tumor segmentation) via a graphical user interface (GUI):

Id. at 7. The same image also reveals that the Infringing Products display normal organ contours

and tumor contours overlaid on medical images. See id. (blue color outlining an organ, and red

3 See claim 1(c) (“caus[ing] display of the risk map via a graphical user interface (GUI) for presentation or
review of the risk map by a user, wherein the analysis of one or more medical images comprises creation
of a 3D image of the one or more regions of risk of cancer or risk of recurrence of cancer overlaid on the
one or more medical images, and wherein the 3D image comprises geographic identification of one or more
specific tissue region(s) overlaid on the one or more medical images”).
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color outlining a tumor). Another image in the same brochure also shows images of a SPECT/CT

with organs and tumors outlined:

Id. at 10.

56. Turning next to the ‘486 patent, the Infringing Products also possess all the
elements of exemplary claim 42.

57. The preamble to claim 42 describes “[a] method for automatically processing 3D
images to identify 3D volumes within the 3D images that correspond to a prostate of a subject and
determining one or more uptake metrics indicative of radiopharmaceutical uptake therein . ..” See
‘486 patent, claim 42, preamble. The Infringing Products possess this limitation because: (a) MIM
SurePlan™ MRT uses Contour Protégé AI® to perform organ segmentation (see ‘“Molecular
Radiotherapy Dosimetry” brochure, available at https://go.mimsoftware.com/
hubfs/00 Website/02 Literature Case Studies/Brochures/TD1000-MIM_Nuclear Medicine
MRT _Brochure-20230608.pdf (accessed on Jan. 30, 2024), at 6); (b) MIM SurePlan™ MRT
provides dose accumulation statistics. Id. at 10 (“Dose accumulation runs in the background
through MIM Assistant®. Cumulative doses and volume changes across cycles can be reviewed.”);
and (c) Contour Protégé AI® segments a variety of organs, including the prostate, listing “Prostate”
as one of the “Available Structures for Organ Contouring” (see “Contour Protég¢ AI+™: Zero-
Click Al  Auto-Contouring”, available at  https://www.mimsoftware.com/radiation-
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oncology/contour-protegeai-plus (accessed on Jan. 30, 2024)). The brochure also refers to how
“MIM SurePlan™ MRT has been helping institutions drastically reduce the clinical requirements
for dosimetry by including Al-based auto-segmentation and support for quantitative SPECT
reconstruction with existing SPECT/CT cameras,” with CT providing 3D anatomical images. See
“Molecular Radiotherapy Dosimetry” brochure, available at https://go.mimsoftware.com
/hubfs/00 Website/02 Literature Case Studies/Brochures/TD1000-MIM_Nuclear Medicine
MRT Brochure-20230608.pdf (accessed on Jan. 30, 2024), at 2.

58. The Infringing Products also possess the first limitation of claim 42 of the ‘486
patent* because, as MIM’s brochures proclaim, “MIM SurePlan™ MRT has been helping
institutions drastically reduce the clinical requirements for dosimetry by including Al-based auto-
segmentation and support for quantitative SPECT reconstruction with existing SPECT/CT
cameras.” /d. at 2 (emphasis added). CT cameras provide anatomical images. And, as discussed
above, MIM directs that physicians and patients can use the Infringing Products on images relating
to the patient’s pelvic region. Supra at § 57. The Contour Protégé AI® website lists several

applications in the pelvic region, including (but not limited to) the prostate:

4 See claim 42(a) (“receiving, by a processor of a computing device, a 3D anatomical image of the subject
obtained using an anatomical imaging modality, wherein the 3D anatomical image comprises a graphical
representation of tissue within a subject, at least a portion of which corresponds to a pelvic region of the
subject.”).
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See  “Contour  ProtégéAl+™:  Zero-Click Al  Auto-Contouring”,  available at
https://www.mimsoftware.com/radiation-oncology/contour-protegeai-plus (accessed on Jan. 30,
2024) (yellow box added).

59. The Infringing Products also possess the second limitation of claim 42 of the ‘486
patent® for the reasons already discussed above. The MIM brochure refers to how “MIM
SurePlan™ MRT has been helping institutions drastically reduce the clinical requirements for
dosimetry by including Al-based auto-segmentation and support for quantitative SPECT

reconstruction with existing SPECT/CT cameras,” with CT cameras providing 3D anatomical

5 See claim 42(b) (“receiving, by the processor, a 3D functional image of the subject obtained using a
functional imaging modality, 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 radiation emitted from the particular physical volume, wherein at least a portion of the plurality of
voxels of the 3D functional image represent physical volumes within the pelvic region of the subject”);
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images. See  “Molecular  Radiotherapy = Dosimetry”  brochure,  available  at
https://go.mimsoftware.com/hubfs/00 Website/02 Literature Case Studies/Brochures/TD1000-
MIM_Nuclear Medicine MRT Brochure-20230608.pdf (accessed on Jan. 30, 2024) at 2.
SPECT imaging is a 3D functional image. And, as discussed above, the Infringing Products are
targeted at multiple applications within the pelvic region. Supra at q 57.

60. The Infringing Products also possess the third limitation of claim 42 of the ‘486
patent® because MIM SurePlan™ MRT uses Contour Protégé AI® to segment normal structures in
a CT image. In other words, when Contour Protégé AI® “detects [the] treatment site to apply
correct Al model” as described in the image below, it is determining, using a first module, an initial

volume of interest (VOI):

6 See claim 42(c) (“determining, by the processor, using a first module, an initial volume of interest (VOI)
within the 3D anatomical image, the initial VOI corresponding to tissue within the pelvic region of the
subject and excluding tissue outside the pelvic region of the subject;”).
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Contour ProtégéAl Auto-Contouring

Contour ProtégéAl starts automatically—a unique attribute other vendors can't offer.
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See  “Contour  ProtégéAlI+™:  Zero-Click Al  Auto-Contouring”,  available at
https://www.mimsoftware.com/radiation-oncology/contour-protegeai-plus (accessed on Jan. 30,
2024). As discussed above, Contour Protégé AI® includes a “Pelvis CT” model for segmenting
organs within the pelvic region, i.e., where the initial VOI corresponds to a pelvic region. /d.

61. The Infringing Products also possess the fourth limitation of claim 42 of the ‘486
patent’ because, when Contour ProtégéAI® uses the “Pelvis CT” model to segment the prostate,

supra at § 57, it uses a second module to identify a prostate volume within the initial VOI:

7 See claim 42(d) (“identifying, by the processor, using a second module, a prostate volume within the initial
VOI corresponding to the prostate of the subject.”).
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Contour ProtégéAl Auto-Contouring

Contour ProtégéAl starts automatically—a unique attribute other vendors can't offer.
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See id. In other words, the left-most box in the image above shows the initial segmentation step
(as discussed in the preceding paragraph), and then the reference in the center box to “auto-
generat[ing] contours” refers to the Infringing Products’ use of the Pelvic CT model to segment
the prostate.

62. The Infringing Products also possess the fifth limitation of claim 42 of the ‘486
patent® because, as discussed above, the MIM brochure shows uptake measurements (in bone,

kidneys, liver, and tumors):

8 See claim 42(e) (“determining, by the processor, the one or more uptake metrics using the 3D functional
image and the prostate volume identified within the initial VOI of the 3D anatomical image,”).
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See “Molecular Radiotherapy Dosimetry” brochure, available at
https://go.mimsoftware.com/hubfs/00 Website/02 Literature Case Studies/Brochures/TD1000-
MIM_Nuclear Medicine MRT Brochure-20230608.pdf (accessed on Jan. 30, 2024), at 10. As
discussed above, Contour Protégé AI® also includes a specific model that segments these organs,
as well as the prostate. Id. Therefore, the Infringing Products calculate dose within a prostate
volume segmented by the Pelvic CT model of Contour Protégé AI®.

63. The Infringing Products also possess the sixth limitation of claim 42 of the ‘486
patent’ as reflected in the image immediately above, which displays SPECT/CT image overlays,
which are, respectively, 3D functional and anatomical images. See id.

64. The Infringing Products also possess the seventh limitation of claim 42 of the ‘486

th

patent’” as reflected by the same image above, which shows that SurePlan™ MRT displays

SPECT/CT image overlays. Id.

? See claim 42(f) (“causing, by the processor, display of an interactive graphical user interface (GUI) for
presentation to the user of a visual representation of the 3D anatomical image and/or the 3D functional
image.”).

10 See claim 42(g) (“causing, by the processor, graphical rendering of, within the GUI, the 3D anatomical
image and/or the 3D functional image as selectable and superimposable layers, such that either can be
selected for display and rendered separately, or both selected for display and rendered together by
overlaying the 3D anatomical image with the 3D functional image.”).
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65. MIM has known of the existence of the Asserted Patents. MIM’s infringement has
been and is willful and in disregard for the Asserted Patents. MIM has no reasonable basis for
believing that it has a right to engage in the infringing conduct. As discussed above, MIM and
Plaintiffs negotiated for years about a potential collaboration involving MIM purchasing the right
to integrate Plaintiffs’ patented inventions into MIM’s software. During those negotiations,
Plaintiffs even sent MIM, upon agreement to do so, a draft Collaboration Agreement that expressly
listed the Asserted Patents. Yet, MIM willfully developed, marketed, and sold (and continues to
market and sell) the Infringing Products containing Plaintiffs’ patented inventions.

66.  Plaintiffs have suffered substantial damage (and MIM has unlawfully benefitted)
from MIM’s infringement of the Asserted Patents. As discussed above, GE HealthCare chose to
acquire MIM (rather than enter into a profitable commercial relationship of some kind with
Plaintiffs) in large part because of MIM’s infringing conduct. Supra at 9 45-46. Plaintiffs have
also lost substantial advantage in the market as the only companies permitted to use the claimed
inventions, which (as discussed above) represent major breakthroughs in the performance,
reliability, and usability of nuclear medicine imaging for cancer and other serious ailments. As a
result, Plaintiffs have begun to lose both existing and prospective business to MIM. MIM and
Plaintiffs continue to compete for specific customers, and Plaintiffs expect future losses of their
existing and prospective business unless MIM ceases its unlawful infringement. Plaintiffs have
also lost a licensing and partnership opportunity in view of MIM’s actions. Plaintiffs are thus
entitled to the full measure of their damages from MIM’s infringement, including (without

limitation) lost profits, a reasonable royalty, and damages for MIM’s willful infringement.

-22 -
Page 22 of 194 MIM Ex1039
MIM Software Inc. v. Progenics Pharmaceuticals, Inc.
Trial IPR2025-00725



Case 1:24-cv-10437 Document 1 Filed 02/23/24 Page 23 of 25

COUNT I: INFRINGEMENT OF U.S. PATENT NO. 10,665,346

67. Plaintiffs repeat and re-allege each of the foregoing paragraphs as if fully set forth
herein.

68. MIM has been and is directly and/or indirectly infringing the ‘346 patent by
making, using, selling, or offering for sale in the United States, including within this judicial
district, the Infringing Products, in violation of 35 U.S.C. § 271(a).

69.  MIM has been and is inducing infringement of the ‘346 patent by actively and
knowingly inducing its customers to use the Infringing Products that embody or use the inventions
claimed in the 346 patent, in violation of 35 U.S.C. § 271(b).

70. MIM’s infringement has been, and continues to be knowing, intentional, and
willful.

71.  MIM’s infringement of the ‘346 patent has caused, and will continue to cause,
Plaintiffs damages for which Plaintiffs are entitled to compensation pursuant to 35 U.S.C. § 284.

72.  MIM’s infringement of the ‘346 patent has caused, and will continue to cause,
Plaintiffs immediate and irreparable harm unless such infringing activities are enjoined by this
Court pursuant to 35 U.S.C. § 283. Plaintiffs have no adequate remedy at law.

73. This case is exceptional and Plaintiffs are entitled to an award of attorney fees
pursuant to 35 U.S.C. § 285.

COUNT II: INFRINGEMENT OF U.S. PATENT NO. 10,973.486

74.  Plaintiffs repeat and re-allege each of the foregoing paragraphs as if fully set forth

herein.
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75. MIM has been and is directly and/or indirectly infringing the ‘486 patent by
making, using, selling, or offering for sale in the United States, including within this judicial
district, the Infringing Products, in violation of 35 U.S.C. § 271(a).

76. MIM has been and is inducing infringement of the ‘486 patent by actively and
knowingly inducing its customers to use the Infringing Products that embody or use the inventions
claimed in the 346 patent, in violation of 35 U.S.C. § 271(b).

77. MIM’s infringement has been, and continues to be knowing, intentional, and
willful.

78. MIM’s infringement of the ‘486 patent has caused, and will continue to cause,
Plaintiffs damages for which Plaintiffs are entitled to compensation pursuant to 35 U.S.C. § 284.

79. MIM’s infringement of the ‘486 patent has caused, and will continue to cause,
Plaintiffs immediate and irreparable harm unless such infringing activities are enjoined by this
Court pursuant to 35 U.S.C. § 283. Plaintiffs have no adequate remedy at law.

80. This case is exceptional and Plaintiffs are entitled to an award of attorney fees
pursuant to 35 U.S.C. § 285.

PRAYER FOR RELIEF

WHEREFORE, Plaintiffs respectfully request the following relief:

(A) A judgment that MIM has infringed the Asserted Patents;

(B) A judgment that MIM’s infringement of the Asserted Patents has been willful;

(C)  An award against MIM of damages sufficient to compensate Plaintiffs for MIM’s
infringement of the Asserted Patents;

(D)  An award against MIM of all other damages permitted by 35 U.S.C. § 284,

including increased damages up to three times the amount of compensatory damages found;
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(E) A declaration that this is an exceptional case and an award against MIM and to
Plaintiffs of their reasonable attorneys’ fees incurred in this action as provided by 35 U.S.C. § 285;

(F) An order preliminarily and permanently enjoining MIM, and its officers, directors,
agents, employees, affiliates, and all others acting in privity or in concert with it, and its parents,
subsidiaries, divisions, successors, and assigns from further acts of infringement of the Asserted
Patents; and

(G)  All such other relief that this Court deems just and proper.

JURY DEMAND

Pursuant to Fed. R. Civ. P. 38(b), Plaintiffs hereby demand a jury trial on all issues triable

of right by a jury.

Dated: February 23, 2024 Respectfully submitted,

/s/ Michael H. Bunis

Michael H. Bunis (BBO #566839)
Anita M. C. Spieth (BBO #676302)
John C. Calhoun (BBO #694479)
CHOATE HALL & STEWART LLP
Two International Place

Boston, MA 02110

(617) 248-5000
mbunis@choate.com
aspieth@choate.com
jcalhoun@choate.com

Attorneys for Plaintiffs Progenics Pharmaceuticals,
Inc. and EXINI Diagnostics AB.
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1
NETWORK FOR MEDICAL IMAGE
ANALYSIS, DECISION SUPPORT SYSTEM,
AND RELATED GRAPHICAL USER
INTERFACE (GUI) APPLICATIONS

CROSS REFERENCE TO RELATED
APPLICATIONS

This application is a continuation of U.S. application Ser.
No. 16/418,527, filed May 21, 2019, which is a continuation
of U.S. application Ser. No. 15/794,220, filed Oct. 26, 2017
(now U.S. Pat. No. 10,340,046, issued Jul. 2, 2019), which
claims the benefit of U.S. Provisional Application 62/413,
936, filed on Oct. 27, 2016, the content of each of which are
hereby incorporated by reference herein in their entirety.

TECHNICAL FIELD

This invention relates generally to systems and methods
for creation, analysis, and/or presentation of medical image
data. More particularly, in certain embodiments, the inven-
tion relates to a cloud-based platform and supported GUI
decision-making tools for use by medical practitioners and/
or their patients, e.g., to aide in the process of making
decisions about a course of cancer treatment and/or to track
treatment and/or the progress of a disease.

BACKGROUND

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. 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 spectrum characteristics attractive for
nuclear medicine imaging applications.

Another example radiopharmaceutical is PyL™ (also
known as [**F]DCFPyL), which is a clinical-stage, fluori-
nated PSMA-targeted PET imaging agent for prostate can-
cer. A proof-of-concept study published in the April 2015
issue of the Journal of Molecular Imaging and Biology
demonstrated that PET imaging with PyL™ showed high
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levels of PyL™ uptake in sites of putative metastatic disease
and primary tumors, suggesting the potential for high sen-
sitivity 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 analysis of medical imaging studies and commu-
nication of those results, diagnoses, prognoses, treatment
recommendations, and associated risks to a patient.

SUMMARY OF THE INVENTION

Presented herein is a cloud-based platform and supported
graphical user interface (GUI) decision-making tools for use
by medical practitioners and/or their patients, e.g., to aide in
the process of making decisions about a course of cancer
treatment and/or to track treatment and/or the progress of a
disease.
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For example, presented herein is a network-based (e.g.,
cloud-based) support platform allowing multiple users to
store, access, analyze, and/or provide feedback regarding a
given set of image data for a patient; platform supports
software tools for automated analysis of targeted PET/
SPECT/or other image(s), generation of radiologist reports,
and application of machine learning algorithms to update
process by which images are analyzed (e.g. updating seg-
mentation and/or classification routines based on growing
image database). In certain embodiments, the targeted PET/
SPECT image(s) may be obtained using PyL™ and/or 1404
as the radiopharmaceutical(s). In certain embodiments, mul-
tiple (accredited) users can access the information, e.g., to
weigh in on data interpretation.

Also presented herein is a software tool (e.g., mobile app)
featuring a graphical user interface (GUI) element with
controls for adjusting presentation of a 3D risk image
corresponding to a patient organ (and/or other tissue) for
comparison with reference images (e.g., for use in commu-
nication of results to patient as a decision-making support).
For example, the tool may be supported by the network-
based support platform above. This tool can provides an
easily-understood, user-friendly, interactive, controllable
pictorial display to communicate information about a
patient’s condition to the patient (and/or to the physician, or
to the patient’s family with the patient’s permission). For
example, a patient for whom a risk of cancer is detected can
display a map indicating areas and/or degrees of risk and can
compare this risk map with those of others for whom a given
course of treatment is recommended. For instance, this tool
can help a patient in his decision whether or not to have
surgery (e.g., for a detected risk of prostate cancer). The
patient can visually compare his risk map with a map
representing a typical risk-level for which surgery would be
recommended, below which it may be reasonable to opt not
to have surgery and engage in watchful waiting or active
surveillance. Thus, a low-risk patient who is told by his
physician that he has a non-zero risk of cancer may find
comfort in a visual, controllable comparison between his
situation and that of someone (e.g., where the reference to
which the patient’s risk situation is compared can be tuned
for age, weight, and/or other risk factors of the patient).

In one aspect, the invention is directed to a network-based
(e.g., cloud based) decision support system comprising: a
processor (e.g., of a network or Internet host server); and a
memory having instructions stored thereon, wherein the
instructions, when executed by the processor, cause the
processor to perform one or more of functions (i) to (v) as
follows: (i) receive and store medical images [e.g., compris-
ing one or more of the following: targeted PET images,
targeted SPECT images, computed tomography (CT)
images, magnetic resonance (MR) images, ultrasound (US)
images, gamma camera (i.e. scintillation camera) images,
and combinations, fusions, or derivatives of any of the
above] in a database [e.g., wherein the targeted PET/SPECT/
gamma camera image(s) are obtained using one or more
radiopharmaceuticals (e.g., [18F|DCFPyL and/or 1404 and/
or a composition comprising technetium 99m, {e.g., tech-
netium 99m methylenediphosphonate (°**""Tc MDP)}), and/
or wherein the medical images are obtained using non-
radioactive agents or no agents], each medical image
associated with a particular patient; (ii) access one or more
of the medical images and/or related data associated with a
particular patient from the database upon user request (e.g.,
following automated verification that the user is properly
credentialed for receiving the requested images and/or data)
for transmission to the user for display on a user computing
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device; (iii) automatically analyze one or more of the
medical images [e.g., to generate a risk index (e.g., BSI)
and/or a risk map, e.g., a visual representation (e.g., 3D
representation) of tissue (e.g., an organ or other part of the
body) with graphical denotations (e.g., texture- or color-
coding) marking regions of risk of current disease or risk of
recurrence of disease, e.g., cancer, e.g., wherein the risk map
is displayed as an overlay of the PET/SPECT/CT/MRI/US/
combined/derived/fused image of the tissue, or is in place of
the image of the tissue]; (iv) generate a radiologist report for
a patient according to one or more of the medical images for
the patient; and (v) apply a machine learning algorithm to
update a process for automatically analyzing one or more of
the medical images using accumulated image data in the
database [e.g., wherein the automatic analysis of the one or
more medical images in (iii) and/or (v) above comprises any
one or more of (a) to (d) as follows: (a) automated fusion of
the (e.g., PET, SPECT, CT, Mill, and/or US) image(s) of the
tissue; (b) geographic identification of one or more organs,
organ structures, sub-organs, organ regions, and/or other
regions of the imaged tissue of the patient and production of
a 3D image of the geographically identified tissue with PET,
SPECT, CT, MM, and/or US data overlaid; (c) computation
of risk information comprising one or more risk indices, a
risk field, or a risk map using data from the database, the
image(s) of the tissue, and/or the 3D image in (b); and (d)
use of the risk information computed in (c¢) (e.g., and data
from the database) to produce a 3D risk picture for the
patient].

In certain embodiments, the medical images in the data-
base comprise a series of medical images of a first patient
taken over time (e.g., over the course of multiple visits to
one or more doctors), and wherein the instructions cause the
processor to determine a value of at least a first risk index for
each medical image of the series, thereby tracking deter-
mined values of at least the first risk index for the first patient
over time.

In certain embodiments, the medical images comprise a
single-photon emission computerized tomography (SPECT)
scan of a first patient obtained (e.g., to identify one or more
hotspots) following administration to the first patient of an
imaging agent comprising 1404 labeled with "' Tc, and a
computed tomography (CT) scan (e.g., to identify anatomi-
cal features) of the first patient, wherein the instructions
cause the processor to overlay the SPECT scan with the CT
scan to create a composite image (SPECT-CT) of the first
patient.

In certain embodiments, the medical images comprise a
positron emission tomography (PET) scan of a first patient
obtained (e.g., to identify one or more hotspots) following
administration to the first patient of an imaging agent
comprising [18F]DCFPyL (DCFPyL labeled with **F), and
a CT scan of the first patient, wherein the instructions cause
the processor to overlay the PET scan with the CT scan to
create a composite image (PET-CT) of the first patient.

In certain embodiments, the medical images comprise a
whole-body scan (e.g., including anterior and posterior
views) of a first patient made with a gamma camera follow-
ing administration to the first patient of an imaging agent
comprising technetium 99m methylenediphosphonate
(°°"Tc MDP).

In certain embodiments, the medical images comprise a
composite image of a first patient, the composite image
comprising a CT scan overlaid with a nuclear medicine
image (e.g., a SPECT scan; e.g., a PET scan) obtained at
substantially the same time as the CT scan and following
administration to the first patient of an imaging agent
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comprising a Prostate Specific Membrane Antigen (PSMA)
binding agent comprising (e.g., labelled with) a radionu-
clide, and the instructions cause the processor to automati-
cally analyze the composite image by: (a) using the com-
posite image to geographically identify a 3D boundary for
each of one or more regions of imaged tissue [e.g., organs
(e.g., a prostate; e.g., a liver; e.g., lungs or a lung; e.g., lymph
nodes), organ structures, sub-organs, organ regions, and/or
other regions (e.g., one or more particular bones; e.g., a
skeletal region of the patient), e.g., regions of interest]
within the nuclear medicine image (e.g., such that portions
of the nuclear medicine image falling within and/or outside
of the 3D boundaries can be differentiated from each other);
and (c) computing (i) a value of each of one or more risk
indices and/or (ii) a risk map using the nuclear medicine
image with the identified 3D boundaries of the one or more
region(s).

In certain embodiments, the instructions cause the pro-
cessor to, for at least one risk index of the one or more risk
indices, compute the value of the risk index by: determining,
for each of the one or more regions, a corresponding
cancerous tissue level within the region based on intensity
values of the nuclear medicine image within the 3D bound-
ary of the region (e.g., by identifying within the nuclear
medicine image, a plurality of hotspots within the 3D
boundary of the region and computing a total number of
and/or a total volume of the identified hotspots); and com-
puting the value of the risk index based on the determined
cancerous tissue levels within the one or more regions.

In certain embodiments, the nuclear medicine image is a
SPECT scan.

In certain embodiments, the imaging agent comprises a
metal chelated to the PSMA binding agent, and wherein the
metal is the radionuclide [e.g., wherein the metal is a
radioisotope of technetium (Tc) (e.g., wherein the metal is
technetium-99m (°°""Tc)); e.g., wherein the metal is a radio-
isotope of rhenium (Re) (e.g., wherein the metal is rhenium-
188 (**¥Re); e.g., wherein the metal is rhenium-186 (*°Re));
e.g., wherein the metal is a radioisotope of yttrium (Y) (e.g.,
wherein the metal is °°Y); e.g., wherein the metal is a
radioisotope of lutetium (Lu)(e.g., wherein the metal is
Y77Lu); e.g., wherein the metal is a radioisotope of gallium
(Ga) (e.g., wherein the metal is °*Ga; e.g., wherein the metal
is 9’Ga); e.g., wherein the metal is a radioisotope of indium
(e.g., *'In); e.g., wherein the metal is a radioisotope of
copper (Cu) (e.g., wherein the metal is ®’Cul.

In certain embodiments, the imaging agent comprises
#9mTc-MIP-1404.

In certain embodiments, the nuclear medicine image is a
PET scan.

In certain embodiments, the radionuclide is a radioisotope
of a halogen [e.g., a radioisotope of fluorine (e.g., **F); e.g.,
a radioisotope of iodine (e.g., '*°’I; e.g., '**I; e.g., '*°I; e.g.,
1261 e.g., '3'T); e.g., a radioisotope of bromine (e.g., "°Br;
eg., 75Br; eg., 7"Br; e.g., 80By; eg., 8ompy. eg., 82By eg.,
83Br), e.g., a radioisotope of astatine (e.g., ***At)].

In certain embodiments, the imaging agent comprises
[18F]DCFPyL (DCFPyL labeled with '*F).

In certain embodiments, the radionuclide is a radioisotope
of gallium (Ga) (e.g., **Ga).

In certain embodiments, the medical images comprise a
nuclear medicine image (e.g., a whole-body scan made with
a gamma camera) of a first patient following administration
to the first patient of an imaging agent comprising a radio-
nuclide (e.g., *™Tc)(e.g., wherein the imaging agent com-
prises **"Tc MDP), wherein the instructions cause the
processor to automatically analyze the nuclear medicine
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image by: (a) geographically identifying a boundary (e.g., a
2D boundary; e.g., a 3D boundary) for each of one or more
regions of imaged tissue [e.g., organs (e.g., a prostate; e.g.,
a liver; e.g., lungs or a lung; e.g., lymph nodes), organ
structures, sub-organs, organ regions, and/or other regions
(e.g., one or more particular bones; e.g., a skeletal region of
the patient), e.g., regions of interest] within the nuclear
medicine image (e.g., such that portions of the nuclear
medicine image falling within and/or outside of the bound-
aries can be differentiated from each other); and (c¢) com-
puting (i) a value of each of one or more risk indices and/or
(i) a risk map using the nuclear medicine image with the
identified boundaries of the one or more region(s).

In certain embodiments, the instructions cause the pro-
cessor to, for at least one risk index of the one or more risk
indices, compute the value of the risk index by: determining,
for each of the one or more regions, a corresponding
cancerous tissue level within the region based on intensity
values of the nuclear medicine image within the boundary of
the region (e.g., by identifying within the nuclear medicine
image, a plurality of hotspots within the boundary of the
region and computing a total number of and/or a total
volume of the identified hotspots); and computing the value
of the risk index based on the determined cancerous tissue
levels within the one or more regions.

In certain embodiments, the system is a cloud-based
system.

In certain embodiments, the processor is a processor of
one or more network or Internet host servers.

In another aspect, the invention is directed to a method
comprising any one or more of (i) to (v) as follows: (i)
receiving and storing, by a processor of a server computing
device (e.g., received over a network from a client comput-
ing device) medical images [e.g., comprising one or more of
the following: targeted PET images, targeted SPECT
images, computed tomography (CT) images, magnetic reso-
nance (MR) images, ultrasound (US) images, gamma cam-
era (i.e. scintillation camera) images, and combinations,
fusions, or derivatives of any of the above] in a database
[e.g., wherein the targeted PET/SPECT/gamma camera
image(s) are obtained using one or more radiopharmaceu-
ticals, e.g., [I8F]DCFPyL and/or 1404 and/or a composition
comprising technetium 99m, e.g., technetium 99m methyl-
enediphosphonate (°*""Tc MDP), and/or wherein the medical
images are obtained using non-radioactive agents or no
agents], each medical image associated with a particular
patient; (ii) accessing, by the processor, one or more of the
medical images and/or related data associated with a par-
ticular patient from the database upon user request (e.g.,
following automated verification that the user is properly
credentialed for receiving the requested images and/or data)
for transmission to the user for display on a user computing
device; (iii) automatically analyzing, by the processor, one
or more of the medical images[e.g., to generate a risk map,
e.g., a visual representation (e.g., 3D representation) of
tissue (e.g., an organ or other part of the body) with
graphical denotations (e.g., texture- or color-coding) mark-
ing regions of risk of current disease or risk of recurrence of
disease, e.g., cancer, e.g., wherein the risk map is displayed
as an overlay of the PET/SPECT/CT/MRI/US/combined/
derived/fused image of the tissue, or is in place of the image
of'the tissue]; (iv) generating, by the processor, a radiologist
report for a patient according to one or more of the medical
images for the patient; and (v) applying, by the processor, a
machine learning algorithm to update a process for auto-
matically analyzing one or more of the medical images using
accumulated image data in the database, [e.g., wherein the
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automatically analyzing the one or more medical images in
(iii) and/or (v) above comprises any one or more of (a) to (d)
as follows: (a) automatically fusing the (e.g., PET, SPECT,
CT, Mill, and/or US) image(s) of the tissue; (b) geographi-
cally identifying one or more organs, organ structures,
sub-organs, organ regions, and/or other regions of the
imaged tissue of the patient and production of a 3D image
of the geographically identified tissue with PET, SPECT,
CT, MM, and/or US data overlaid; (c) computing risk
information comprising one or more risk indices, a risk field,
or a risk map using data from the database, the image(s) of
the tissue, and/or the 3D image in (b); and (d) using the risk
information computed in (c) (e.g., and data from the data-
base) to produce a 3D risk picture for the patient].

In certain embodiments, the medical images in the data-
base comprise a series of medical images of a first patient
taken over time (e.g., over the course of multiple visits to
one or more doctors), and wherein the method comprises
determining a value of at least a first risk index for each
medical image of the series, thereby tracking determined
values of at least the first risk index over time.

In certain embodiments, the receiving and storing of the
medical images comprises repeatedly receiving and storing,
over time, a plurality of medical images of the first patient,
each obtained at a different time (e.g., at a different visit to
one or more doctors), to obtain the series of medical images
of the first patient.

In certain embodiments, the medical images comprise a
single-photon emission computerized tomography (SPECT)
scan of a first patient obtained (e.g., to identify one or more
hotspots) following administration to the first patient of an
imaging agent comprising 1404 labeled with **"'Tc, and a
computed tomography (CT) scan (e.g., to identify anatomi-
cal features) of the first patient, wherein the method com-
prises overlaying the SPECT scan with the CT scan to create
a composite image (SPECT-CT) of the first patient.

In certain embodiments, the medical images comprises a
positron emission tomography (PET) scan of a first patient
obtained following administration to the first patient of an
imaging agent comprising [ 18F]DCFPyL (DCFPyL labeled
with *®F), and a CT scan of the first patient, wherein the
method comprises overlaying the PET scan with the CT scan
to create a composite image (PET-CT) of the first patient.

In certain embodiments, the medical images comprise a
whole-body scan (e.g., including anterior and posterior
views) of a first patient made with a gamma camera follow-
ing administration to the first patient of an imaging agent
comprising technetium 99m methylenediphosphonate
(**"Tc MDP).

In certain embodiments, the medical images comprise a
composite image of a first patient, the composite image
comprising a CT scan overlaid with a nuclear medicine
image (e.g., a SPECT scan; e.g., a PET scan) acquired at
substantially the same time and following administration to
the first patient of an imaging agent comprising a Prostate
Specific Membrane Antigen (PSMA) binding agent com-
prising a radionuclide, wherein the method comprises auto-
matically analyzing the composite image by: (a) using the
composite image to geographically identify a 3D boundary
for each of one or more regions of imaged tissue [e.g.,
organs (e.g., a prostate; e.g., a liver; e.g., lungs or a lung;
e.g., lymph nodes), organ structures, sub-organs, organ
regions, and/or other regions (e.g., one or more particular
bones; e.g., a skeletal region of the patient), e.g., regions of
interest] within the nuclear medicine image (e.g., such that
portions of the nuclear medicine image falling within and/or
outside of the 3D boundaries can be differentiated from each
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other); and (¢) computing (i) a value of each of one or more
risk indices and/or a (ii) risk map using the nuclear medicine
image with the identified 3D boundaries of the one or more
region(s).

In certain embodiments, step (c) comprises, for at least
one risk index of the one or more risk indices, computing the
value of the risk index by: determining, for each of the one
or more regions, a corresponding cancerous tissue level
within the region based on intensity values of the nuclear
medicine image within the 3D boundary of the region (e.g.,
by identifying within the nuclear medicine image, a plurality
of hotspots within the 3D boundary of the region and
computing a total number of and/or a total volume of the
identified hotspots); and computing the value of the risk
index based on the determined cancerous tissue levels within
the one or more regions.

In certain embodiments, the nuclear medicine image is a
SPECT scan.

In certain embodiments, the imaging agent comprises a
metal chelated to the PSMA binding agent, and wherein the
metal is the radionuclide [e.g., wherein the metal is a
radioisotope of technetium (Tc) (e.g., wherein the metal is
technetium-99m (°*"Tc)); e.g., wherein the metal is a radio-
isotope of rhenium (Re) (e.g., wherein the metal is rhenium-
188 (**¥Re); e.g., wherein the metal is rhenium-186 (®°Re));
e.g., wherein the metal is a radioisotope of yttrium (Y) (e.g.,
wherein the metal is °°Y); e.g., wherein the metal is a
radioisotope of lutetium (Lu)(e.g., wherein the metal is
77Ln); e.g., wherein the metal is a radioisotope of gallium
(Ga) (e.g., wherein the metal is °*Ga; e.g., wherein the metal
is ’Ga); e.g., wherein the metal is a radioisotope of indium
(e.g., '"'In); e.g., wherein the metal is a radioisotope of
copper (Cu) (e.g., wherein the metal is ’Cu)].

In certain embodiments, the imaging agent comprises
#mTc-MIP-1404.

In certain embodiments, the nuclear medicine image is a
PET scan.

In certain embodiments, the radionuclide is a radioisotope
of a halogen [e.g., a radioisotope of fluorine (e.g., '°F); e.g.,
a radioisotope of iodine (e.g., ***I; e.g., 1**I; e.g., **°I; e.g.,
1261; e.g., '*'I); e.g., a radioisotope of bromine (e.g., °Br;
e.g., "°Br; e.g., "’Br; e.g., *°Br; e.g., **"Br; e.g., **Br; e.g.,
®Br), e.g., a radioisotope of astatine (e.g., '*At)].

In certain embodiments, the imaging agent comprises
[18F]IDCFPyL (DCFPyL labeled with **F).

In certain embodiments, the radionuclide is a radioisotope
of gallium (Ga)(e.g., °*Ga)

In certain embodiments, the medical images comprise a
nuclear medicine image (e.g., a whole-body scan made with
a gamma camera) of a first patient obtained following
administration to the first patient of an imaging agent
comprising a radionuclide (e.g., *°"Tc)(e.g., wherein the
imaging agent comprises °*”"Tc MDP), wherein the method
comprises automatically analyzing the nuclear medicine
image by: (a) geographically identifying a boundary (e.g., a
2D boundary; e.g., a 3D boundary) for each of one or more
regions of imaged tissue [e.g., organs (e.g., a prostate; e.g.,
a liver; e.g., lungs or a lung; e.g., lymph nodes), organ
structures, sub-organs, organ regions, and/or other regions
(e.g., one or more particular bones; e.g., a skeletal region of
the patient), e.g., regions of interest] within the nuclear
medicine image (e.g., such that portions of the nuclear
medicine image falling within and/or outside of the 3D
boundaries can be differentiated from each other); and (c)
computing (i) a value of each of one or more risk indices
and/or (ii) a risk map using the nuclear medicine image with
the identified boundaries of the one or more region(s).
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In certain embodiments, step (¢) comprises, for at least
one risk index of the one or more risk indices, computing the
value of the risk index by: determining, for each of the one
or more regions, a corresponding cancerous tissue level
within the region based on intensity values of the nuclear
medicine image within the boundary of the region (e.g., by
identifying within the nuclear medicine image, a plurality of
hotspots within the 3D boundary of the region and comput-
ing a total number of and/or a total volume of the identified

10

the patient; and (c) for each of the one or more patient(s),
storing, by the processor, the determined values of the one
or more risk indices for the patient for further processing
and/or causing, by the processor, display of a graphical
representation of the determined values of the one or more
risk indices for the patient (e.g., causing display of a graph
showing variation in the determined values of the one or
more risk indices for the patient over time).

In certain embodiments, the series of medical images for

hotspots); and computing the value of the risk index based 10 a particular patient of the one or more patient(s) comprises:
on the determined cancerous tissue levels within the one or (1) a first image subseries comprising one or more medical
more regions. images obtained using a first nuclear imaging modality (e.g.,
In certain embodiments, the processor is a processor of a SPECT scans; e.g., composite SPECT-CT images) each
cloud-based system. following administration to the particular patient of a first
In certain embodiments, the processor is a processor of 15 radiopharmaceutical (e.g., " Tc-MIP-1404) (e.g., wherein
one or more network or Internet host servers. the first radiopharmaceutical facilitates imaging of localized
In another aspect, the invention is directed to a system disease, e.g., localized prostate cancer); and (ii) a second
comprising: a processor (e.g., of a network or Internet host image subseries comprising one or more medical images
server or of a portable computing device); and a memory obtained using a second nuclear imaging modality (e.g.,
having instructions stored thereon, wherein the instructions, 20 PET scans; e.g., composite PET-CT images; e.g., whole-
when executed by the processor, cause the processor to body scans) each following administration to the particular
generate and cause display of an interactive graphical user patient of a second radiopharmaceutical (e.g., [18F|DCEF-
interface (GUI) element (e.g., cause display of the GUI PyL; e.g., °*"Tc MDP) (e.g., wherein the second radiophar-
element on a laptop computer or on a remote computing maceutical facilitates imaging of metastatic disease, e.g.,
device, e.g., via a mobile app), the GUI element having 25 metastatic prostate cancer), such that the values of the one
user-selectable and/or user-adjustable graphical controls or more risk indices determined in step (b) for the particular
(e.g., slider bars, option buttons, text bars, drop-down boxes, patient comprise a first subseries of values of a first risk
windows, animations, and/or any other GUI widget) for index determined by automated analysis of the first image
selecting and/or adjusting a digital presentation of a 3D risk subseries and a second subseries of values of a second risk
picture of a patient for comparison with reference images 30 index determined by automated analysis of the second image
(e.g., for use in communication of results to patient as a subseries.
decision-making support) caused to be displayed by the In certain embodiments, the medical images of first image
processor (e.g., wherein the reference images displayed to subseries are obtained over a first period of time, when
the user or presented for selection by the user are tunable prostate cancer of the particular patient is localized (e.g.,
according to one or more predetermined variables associated 35 substantially localized to a prostate of the particular patient),
with the patient, e.g., patient age, time since diagnosis, prior and the medical images of the second image subseries are
treatment, and/or future treatment). obtained over a second period of time, when prostate cancer
In certain embodiments, the interactive GUI element is of the particular patient is metastatic (e.g., having spread to
produced from medical images of the patient [e.g., compris- regions of the patient outside of the prostate).
ing one or more of the following: targeted PET images, 40  In certain embodiments, the first image subseries com-
targeted SPECT images, magnetic resonance (MR) images, prises one or more composite SPECT-CT image(s), each
ultrasound (US) images, gamma camera (i.e. scintillation composite SPECT-CT image comprising a CT scan overlaid
camera) images, and combinations, fusions, or derivatives of with a SPECT scan acquired at substantially the same time;
any of the above] and/or other images or information (e.g., the second image subseries comprises one or more compos-
other images received and stored in the database of the 45 ite PET-CT image(s), each composite PET-CT image com-
network-based decision support system of any of the aspects prising a CT scan overlaid with a PET scan acquired at
and/or embodiments described herein). substantially the same time; and step (b) comprises: auto-
In another aspect, the invention is directed to a method for matically analyzing each of the one or more composite
tracking prostate cancer progression and treatment efficacy SPECT-CT images by: using the composite SPECT-CT
over time, for one or more patient(s), the method compris- 50 image to geographically identify a 3D boundary of a prostate
ing: (a) repeatedly receiving and storing in a database, over region (e.g., corresponding to a prostate of the patient)
time, by a processor of a computing device (e.g., a server within the SPECT scan of the composite SPECT-CT image
computing device), a plurality of medical images for each of (e.g., such that portions of the nuclear medicine image
the one or more patient(s) to obtain, for each of the one or falling within and/or outside of the 3D boundary of the
more patient(s), a series of medical images taken over time 55 prostate region can be differentiated from each other); and
(e.g., over the course of multiple visits to one or more computing a value of the first risk index using the SPECT
doctors); (b) for each of the one or more patient(s), auto- scan with the identified 3D boundary of the prostate region
matically analyzing, by the processor, the series of medical (e.g., computed based on a region of the SPECT scan
images for the patient to determine values of one or more corresponding to the identified 3D boundary of the prostate
risk indices [e.g., the values of the one or more risk indices 60 region); and automatically analyzing each of the one or more
corresponding to numeric values indicative of prostate can- composite PET-CT images by: using the composite PET-CT
cer state and/or progression in the patient (e.g., numeric image to geographically identify a 3D boundary of one or
values identifying a particular cancer stage; e.g., numeric more metastatic regions within the PET scan of the com-
values corresponding to a determined overall survival rate posite PET-CT image, the one or metastatic regions includ-
for the patient)| for each medical image of the series, thereby 65 ing regions corresponding to patient tissue locations outside

tracking determined values of the one or more risk indices
over a course prostate cancer progression and treatment for

ofthe prostate [e.g., organs (e.g., a prostate; e.g., a liver; e.g.,
lungs or a lung; e.g., lymph nodes), organ structures, sub-
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organs, organ regions, and/or other regions (e.g., one or
more particular bones; e.g., a skeletal region corresponding
to the patient’s skeleton), e.g., regions of interest] (e.g., such
that portions of the PET imaging scan falling within and/or
outside of the 3D boundaries of the one or more metastatic
region(s) can be differentiated from each other); and com-
puting a value of the second risk index using the PET scan
with the identified 3D boundaries of the one or more
metastatic region(s).

In certain embodiments, the first image subseries com-
prises one or more composite SPECT-CT image(s), each
composite SPECT-CT image comprising a CT scan overlaid
with a SPECT scan acquired at substantially the same time;
the second image subseries comprises one or more whole-
body scan(s); and step (b) comprises: automatically analyz-
ing each of the one or more composite SPECT-CT images
by: using the composite SPECT-CT image to geographically
identify a 3D boundary of a prostate region (e.g., corre-
sponding to a prostate of the patient) within the SPECT scan
of the composite SPECT-CT image (e.g., such that portions
of the nuclear medicine image falling within and/or outside
of the 3D boundary of the prostate region can be differen-
tiated from each other); and computing a value of the first
risk index using the SPECT scan with the identified 3D
boundary of the prostate region (e.g., computed based on a
region of the SPECT scan corresponding to the identified 3D
boundary of the prostate region); and automatically analyz-
ing each of the one or more whole-body scan(s) by: geo-
graphically identifying a boundary of one or more metastatic
regions within the whole-body scan, the one or metastatic
regions including regions corresponding to patient tissue
locations outside of the prostate [(e.g., one or more particu-
lar bones; e.g., a skeletal region corresponding to the
patient’s skeleton), e.g., regions of interest] (e.g., such that
portions of the whole-body scan falling within and/or out-
side of the boundaries of the one or more metastatic
region(s) can be differentiated from each other); and com-
puting a value of the second risk index using the PET scan
with the identified 3D boundaries of the one or more
metastatic region(s).

In another aspect, the invention is directed to a system for
tracking prostate cancer progression and treatment efficacy
over time, for one or more patient(s), the system comprising:
a processor (e.g., of a network or Internet host server); and
a memory having instructions stored thereon, wherein the
instructions, when executed by the processor, cause the
processor to: (a) repeatedly receive and store in a database,
over time, a plurality of medical images for each of the one
or more patient(s) to obtain, for each of the one or more
patient(s), a series of medical images taken over time (e.g.,
over the course of multiple visits to one or more doctors); (b)
for each of the one or more patient(s), automatically analyze
the series of medical images for the patient to determine
values of one or more risk indices [e.g., the values of the one
or more risk indices corresponding to numeric values indica-
tive of prostate cancer state and/or progression in the patient
(e.g., numeric values identifying a particular cancer stage;
e.g., numeric values corresponding to a determined overall
survival rate for the patient)] for each medical image of the
series, thereby tracking determined values of the one or
more risk indices over a course prostate cancer progression
and treatment for the patient; and (c) for each of the one or
more patient(s), store the determined values of the one or
more risk indices for the patient for further processing
and/or cause display of a graphical representation of the
determined values of the one or more risk indices for the
patient (e.g., causing display of a graph showing variation in
the determined values of the one or more risk indices for the
patient over time).

In certain embodiments, the series of medical images for
a particular patient of the one or more patient(s) comprises:
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(i) a first image subseries comprising one or more medical
images obtained using a first nuclear imaging modality (e.g.,
SPECT scans; e.g., composite SPECT-CT images) each
following administration to the particular patient of a first
radiopharmaceutical (e.g., " Tc-MIP-1404) (e.g., wherein
the first radiopharmaceutical facilitates imaging of localized
disease, e.g., localized prostate cancer); and (ii) a second
image subseries comprising one or more medical images
obtained using a second nuclear imaging modality (e.g.,
PET scans; e.g., composite PET-CT images; e.g., whole-
body scans) each following administration to the particular
patient of a second radiopharmaceutical (e.g., [18F]DCEF-
PyL; e.g., °*"Tc MDP) (e.g., wherein the second radiophar-
maceutical facilitates imaging of metastatic disease, e.g.,
metastatic prostate cancer), such that the values of the one
or more risk indices determined in step (b) for the particular
patient comprise a first subseries of values of a first risk
index determined by automated analysis of the first image
subseries and a second subseries of values of a second risk
index determined by automated analysis of the second image
subseries.

In certain embodiments, the medical images of first image
subseries are obtained over a first period of time, when
prostate cancer of the particular patient is localized (e.g.,
substantially localized to a prostate of the particular patient),
and the medical images of the second image subseries are
obtained over a second period of time, when prostate cancer
of the particular patient is metastatic (e.g., having spread to
regions of the patient outside of the prostate).

In certain embodiments, the first image subseries com-
prises one or more composite SPECT-CT image(s), each
composite SPECT-CT image comprising a CT scan overlaid
with a SPECT scan acquired at substantially the same time;
the second image subseries comprises one or more Compos-
ite PET-CT image(s), each composite PET-CT image com-
prising a CT scan overlaid with a PET scan acquired at
substantially the same time; and the instructions cause the
processor to, at step (b): automatically analyze each of the
one or more composite SPECT-CT images by: using the
composite SPECT-CT image to geographically identify a 3D
boundary of a prostate region (e.g., corresponding to a
prostate of the patient) within the SPECT scan of the
composite SPECT-CT image (e.g., such that portions of the
nuclear medicine image falling within and/or outside of the
3D boundary of the prostate region can be differentiated
from each other); and computing a value of the first risk
index using the SPECT scan with the identified 3D boundary
of the prostate region (e.g., computed based on a region of
the SPECT scan corresponding to the identified 3D bound-
ary of the prostate region); and automatically analyze each
of the one or more composite PET-CT images by: using the
composite PET-CT image to geographically identify a 3D
boundary of one or more metastatic regions within the PET
scan of the composite PET-CT image, the one or metastatic
regions including regions corresponding to patient tissue
locations outside of the prostate [e.g., organs (e.g., a pros-
tate; e.g., a liver; e.g., lungs or a lung; e.g., lymph nodes),
organ structures, sub-organs, organ regions, and/or other
regions (e.g., one or more particular bones; e.g., a skeletal
region corresponding to the patient’s skeleton), e.g., regions
of interest] (e.g., such that portions of the PET imaging scan
falling within and/or outside of the 3D boundaries of the one
or more metastatic region(s) can be differentiated from each
other); and computing a value of the second risk index using
the PET scan with the identified 3D boundaries of the one or
more metastatic region(s).

In certain embodiments, the first image subseries com-
prises one or more composite SPECT-CT image(s), each
composite SPECT-CT image comprising a CT scan overlaid
with a SPECT scan acquired at substantially the same time;
the second image subseries comprises one or more whole-
body scan(s); and the instructions cause the processor to, at
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step (b): automatically analyze each of the one or more
composite SPECT-CT images by: using the composite
SPECT-CT image to geographically identify a 3D boundary
of a prostate region (e.g., corresponding to a prostate of the
patient) within the SPECT scan of the composite SPECT-CT
image (e.g., such that portions of the nuclear medicine image
falling within and/or outside of the 3D boundary of the
prostate region can be differentiated from each other); and
computing a value of the first risk index using the SPECT
scan with the identified 3D boundary of the prostate region
(e.g., computed based on a region of the SPECT scan
corresponding to the identified 3D boundary of the prostate
region); and automatically analyze each of the one or more
whole-body scan(s) by: geographically identifying a bound-
ary of one or more metastatic regions within the whole-body
scan, the one or metastatic regions including regions corre-
sponding to patient tissue locations outside of the prostate
[(e.g., one or more particular bones; e.g., a skeletal region
corresponding to the patient’s skeleton), e.g., regions of
interest] (e.g., such that portions of the whole-body scan
falling within and/or outside of the boundaries of the one or
more metastatic region(s) can be differentiated from each
other); and computing a value of the second risk index using
the PET scan with the identified 3D boundaries of the one or
more metastatic region(s).

Embodiments described with respect to one aspect of the
invention may be, applied to another aspect of the invention
(e.g., features of embodiments described with respect to one
independent claim, e.g., a method claim, are contemplated to
be applicable to other embodiments of other independent
claims, e.g., a system claim, and vice versa).

BRIEF DESCRIPTION OF THE DRAWINGS

The foregoing and other objects, aspects, features, and
advantages of the present disclosure will become more
apparent and better understood by referring to the following
description taken in conjunction with the accompanying
drawings, in which:

FIG. 1 is a screenshot of a graphical user interface (GUT)
showing mobile app icons for three cloud-based services,
according to illustrative embodiments.

FIG. 2 is a schematic showing the relationship between a
platform and a computing device (e.g., personal computer or
mobile computing device, e.g., smart phone) running an
application, according to illustrative embodiments of the
invention.

FIG. 3 is a screenshot of a GUI window in the BSI Cloud
application (displayed to a user) that allows a user to enter
information about a patient and upload and/or access medi-
cal images for the patient, e.g., series of images obtained
over a period of time, according to an illustrative embodi-
ment.

FIG. 4 is a screenshot of a GUI window in the BSI Cloud
application showing representative full body gamma camera
images showing hotspots automatically identified by the
system, with corresponding overall computed BSI values for
a particular image set obtained at a given time, according to
an illustrative embodiment.

FIG. 5 is a screenshot of a GUI window in the BSI Cloud
application showing an automatically or semi-automatically
generated radiologist report, which can be signed and dated
by a radiologist, according to an illustrative embodiment.

FIG. 6 is a block diagram showing a set of functionalities
offered by the a cloud-based platform and supported graphi-
cal user interface (GUI) decision-making tools described
herein, according to an illustrative embodiment.

FIG. 7 is a block diagram of an exemplary cloud com-
puting environment, used in certain embodiments.
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FIG. 8 is a block diagram of an example computing
device and an example mobile computing device used in
certain embodiments.

FIG. 9 is block diagram of an example architecture for
implementing the cloud based platform described herein,
according to an illustrative embodiment.

FIG. 10 is a schematic showing stages of prostate cancer
progression, along with various therapies and diagnostic
imaging modalities appropriate for various disease states,
according to an illustrative embodiment.

FIG. 11 is a block flow diagram of a process for tracking
prostate cancer progression and treatment efficacy over time,
according to an illustrative embodiment.

The features and advantages of the present disclosure will
become more apparent from the detailed description set
forth below when taken in conjunction with the drawings, in
which like reference characters identify corresponding ele-
ments throughout. In the drawings, like reference numbers
generally indicate identical, functionally similar, and/or
structurally similar elements.

DETAILED DESCRIPTION

It is contemplated that systems, devices, methods, and
processes of the claimed invention encompass variations and
adaptations developed using information from the embodi-
ments described herein. Adaptation and/or modification of
the systems, devices, methods, and processes described
herein may be performed by those of ordinary skill in the
relevant art.

Throughout the description, where articles, devices, and
systems are described as having, including, or comprising
specific components, or where processes and methods are
described as having, including, or comprising specific steps,
it is contemplated that, additionally, there are articles,
devices, and systems of the present invention that consist
essentially of, or consist of, the recited components, and that
there are processes and methods according to the present
invention that consist essentially of, or consist of, the recited
processing steps.

It should be understood that the order of steps or order for
performing certain action is immaterial so long as the
invention remains operable. Moreover, two or more steps or
actions may be conducted simultaneously.

The mention herein of any publication, for example, in the
Background section, is not an admission that the publication
serves as prior art with respect to any of the claims presented
herein. The Background section is presented for purposes of
clarity and is not meant as a description of prior art with
respect to any claim.

Headers are provided for the convenience of the reader—
the presence and/or placement of a header is not intended to
limit the scope of the subject matter described herein.

A. Medical Imaging Modalities, Associated Radiophar-
maceuticals, and Computed Risk Indices

FIG. 1 shows mobile app icons 100 for three cloud-based
services, according to illustrative embodiments. As
described in the following, the cloud-based services of the
platform described herein provide for processing and analy-
sis of medical images in a fully automated fashion and/or in
combination with a user interaction (e.g., in a semi-auto-
mated fashion). The medical images include nuclear medi-
cine images, obtained using a nuclear imaging modality
such as whole-body scans with a gamma camera, Positron
Emission Tomography (PET) scans, and Single-Photon
Emission Tomography (SPECT) scans.

In certain embodiments, nuclear medicine images use
imaging agents comprising radiopharmaceuticals. Nuclear
medicine images are obtained following administration of a
radiopharmaceutical to a patient, and provide information
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regarding the distribution of the radiopharmaceutical within
the patient. Radiopharmaceuticals are compounds that com-
prise a radionuclide.

As used herein, “radionuclide” refers to a moiety com-
prising a radioactive isotope of at least one element. Exem-
plary suitable radionuclides include but are not limited to
those described herein. In some embodiments, a radionu-
clide is one used in positron emission tomography (PET). In
some embodiments, a radionuclide is one used in single-
photon emission computed tomography (SPECT). In some
embodiments, a non-limiting list of radionuclides includes
gngC, 64Cu 67Ga 68Ga 186Re ISSRe 1535m 177Lu 67Cu
1231 1241 1251 1261 1311 llC 13N 150 ISF 153S 166H0
177Lu 149Pm 90Y 213B1 103Pd 109Pd 159Gd 140La 198Au
199Au 169Y'b 175Y'b 165 166D IOSRh lllAg SQZr
225A 82Rb 75Br 76Br 77]3r SOBr SOmBr 82Br 83Br 211At
and 1921r.

As used herein, the term “radiopharmaceutical” refers to
a compound comprising a radionuclide. In certain embodi-
ments, radiopharmaceuticals are used for diagnostic and/or
therapeutic purposes. In certain embodiments, radiopharma-
ceuticals include small molecules that are labeled with one
or more radionuclide(s), antibodies that are labeled with one
or more radionuclide(s), and antigen-binding portions of
antibodies that are labeled with one or more radionuclide(s).

Nuclear medicine images (e.g., PET scans; e.g., SPECT
scans; e.g., whole-body scans; e.g. composite PET-CT
images; e.g., composite SPECT-CT images) detect radiation
emitted from the radionuclides of radiopharmaceuticals to
form an image. The distribution of a particular radiophar-
maceutical within a patient may be determined by biological
mechanisms such as blood flow or perfusion, as well as by
specific enzymatic or receptor binding interactions. Differ-
ent radiopharmaceuticals may be designed to take advantage
of different biological mechanisms and/or particular specific
enzymatic or receptor binding interactions and thus, when
administered to a patient, selectively concentrate within
particular types of tissue and/or regions within the patient.
Greater amounts of radiation are emitted from regions
within the patient that have higher concentrations of radio-
pharmaceutical than other regions, such that these regions
appear brighter in nuclear medicine images. Accordingly,
intensity variations within a nuclear medicine image can be
used to map the distribution of radiopharmaceutical within
the patient. This mapped distribution of radiopharmaceutical
within the patient can be used to, for example, infer the
presence of cancerous tissue within various regions of the
patient’s body.

For example, upon administration to a patient, technetium
99m  methylenediphosphonate (**"Tc MDP) selectively
accumulates within the skeletal region of the patient, in
particular at sites with abnormal osteogenesis associated
with malignant bone lesions. The selective concentration of
radiopharmaceutical at these sites produces identifiable
hotspots—Ilocalized regions of high intensity in nuclear
medicine images. Accordingly, presence of malignant bone
lesions associated with metastatic prostate cancer can be
inferred by identifying such hotspots within a whole-body
scan of the patient. As described in the following, risk
indices that correlate with patient overall survival and other
prognostic metrics indicative of disease state, progression,
treatment efficacy, and the like, can be computed based on
automated analysis of intensity variations in whole-body
scans obtained following administration of **”"Tc MDP to a
patient. In certain embodiments, other radiopharmaceuticals
can also be used in a similar fashion to **""Tc MDP.

In certain embodiments, the particular radiopharmaceuti-
cal used depends on the particular nuclear medicine imaging
modality used. For example *®F sodium fluoride (NaF) also
accumulates in bone lesions, similar to **”"Tc MDP, but can
be used with PET imaging. In certain embodiments, PET
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imaging may also utilize a radioactive form of the vitamin
choline, which is readily absorbed by prostate cancer cells.

In certain embodiments, radiopharmaceuticals that selec-
tively bind to particular proteins or receptors of interest—
particularly those whose expression is increased in cancer-
ous tissue may be used. Such proteins or receptors of interest
include, but are not limited to tumor antigens, such as CEA,
which is expressed in colorectal carcinomas, Her2/neu,
which is expressed in multiple cancers, BRCA 1 and BRCA
2, expressed in breast and ovarian cancers; and TRP-1 and
-2, expressed in melanoma.

For example, human prostate-specific membrane antigen
(PSMA) is upregulated in prostate cancer, including meta-
static disease. PSMA is expressed by virtually all prostate
cancers and its expression is further increased in poorly
differentiated, metastatic and hormone refractory carcino-
mas. Accordingly, radiopharmaceuticals corresponding to
PSMA binding agents (e.g., compounds that a high affinity
to PSMA) labelled with one or more radionuclide(s) can be
used to obtain nuclear medicine images of a patient from
which the presence and/or state of prostate cancer within a
variety of regions (e.g., including, but not limited to skeletal
regions) of the patient can be assessed. In certain embodi-
ments, nuclear medicine images obtained using PSMA
binding agents are used to identify the presence of cancerous
tissue within the prostate, when the disease is in a localized
state. In certain embodiments, nuclear medicine images
obtained using radiopharmaceuticals comprising PSMA
binding agents are used to identify the presence of cancerous
tissue within a variety of regions that include not only the
prostate, but also other organs and tissue regions such as
lungs, lymph nodes, and bones, as is relevant when the
disease is metastatic.

In particular, upon administration to a patient, radionu-
clide labelled PSMA binding agents selectively accumulate
within cancerous tissue, based on their affinity to PSMA. In
a similar manner to that described above with regard to
2°mTc MDP, the selective concentration of radionuclide
labelled PSMA binding agents at particular sites within the
patient produces detectable hotspots in nuclear medicine
images. As PSMA binding agents concentrate within a
variety of cancerous tissues and regions of the body express-
ing PSMA, localized cancer within a prostate of the patient
and/or metastatic cancer in various regions of the patient’s
body can be detected, and evaluated. As described in the
following, risk indices that correlate with patient overall
survival and other prognostic metrics indicative of disease
state, progression, treatment efficacy, and the like, can be
computed based on automated analysis of intensity varia-
tions in nuclear medicine images obtained following admin-
istration of a PSMA binding agent radiopharmaceutical to a
patient.

A variety of radionuclide labelled PSMA binding agents
may be used as radiopharmaceutical imaging agents for
nuclear medicine imaging to detect and evaluate prostate
cancer. In certain embodiments, the particular radionuclide
labelled PSMA binding agent that is used depends on factors
such as the particular imaging modality (e.g., PET; e.g.,
SPECT) and the particular regions (e.g., organs) of the
patient to be imaged. For example, certain radionuclide
labelled PSMA binding agents are suited for PET imaging,
while others are suited for SPECT imaging. For example,
certain radionuclide labelled PSMA binding agents facilitate
imaging a prostate of the patient, and are used primarily
when the disease is localized, while others facilitate imaging
organs and regions throughout the patient’s body, and are
useful for evaluating metastatic prostate cancer.

A variety of PSMA binding agents and radionuclide
labelled versions thereof are described in U.S. Pat. Nos.
8,778,305, 8,211,401, and 8,962,799, each of which are
incorporated herein by reference in their entireties.
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A PET Imaging Radionuclide Labelled PSMA Binding In certain embodiments, the radionuclide labelled PSMA
Agents binding agent comprises PSMA-617:

In certain embodiments, the radionuclide labelled PSMA
binding agent is a radionuclide labelled PSMA binding agent
appropriate for PET imaging. 5

In certain embodiments, the radionuclide labelled PSMA
binding agent comprises [18F]|DCFPyL (also referred to as

PyL™; also referred to as DCFPyL-18F): Ho\fo O OH
10 / \ j/
[N Nj
H\ ol N N
i |

s
P Y o :
N N
H H O
20

(6] (0]

[18F]DCFPyL, ;
or a pharmaceutically acceptable salt thereof.

In certain embodiments, the radionuclide labelled PSMA

binding agent comprises [18F]DCFBC: /H
18F
30
0O, OH

PSMA-617,
Y\ OoH or a pharmaceutically acceptable salt thereof. In certain

/

embodiments, the radionuclide labelled PSMA binding

o} agent comprises °*Ga-PSMA-617, which is PSMA-617

labelled with ®3Ga, or a pharmaceutically acceptable salt

[18F]DCFBC, 40 thereof. In certain embodiments, the radionuclide labelled

or a pharmaceutically acceptable salt thereof. PSMA binding agent comprises '”’Lu-PSMA-617, which is
. In.celtaln embodlmepts, the radionuclide labelled PSMA PSMA-617 labelled with ""Lu, or a pharmaceutically
binding agent comprises °*Ga-PSMA-HBED-CC (also
referred to as ®*Ga-PSMA-11):
%¥Ga-PSMA-HBED-CC, 4 In certain embodiments, the radionuclide labelled PSMA
or a pharmaceutically acceptable salt thereof. binding agent comprises PSMA-1&T:

acceptable salt thereof.

HO.

HO
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OH

PSMA-I&T,

or a pharmaceutically acceptable salt thereof. In certain
embodiments, the radionuclide labelled PSMA binding
agent comprises °*Ga-PSMA-I&T, which is PSMA-I&T
labelled with ®®*Ga, or a pharmaceutically acceptable salt
thereof.

In certain embodiments, the radionuclide labelled PSMA 25
binding agent comprises PSMA-1007:

20

O,

OO /I
(0) NH

(@) OH
=z O
HO ; OH
hihh
H H
(@] [@]
PSMA-1007, 60

or a pharmaceutically acceptable salt thereof. In certain
embodiments, the radionuclide labelled PSMA binding
agent comprises '*F-PSMA-1007, which is PSMA-1007 ¢
labelled with '®F, or a pharmaceutically acceptable salt
thereof.
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A.ii SPECT Imaging Radionuclide Labelled PSMA Bind-
ing Agents

In certain embodiments, the radionuclide labelled PSMA
binding agent is a radionuclide labelled PSM A binding agent
appropriate for SPECT imaging.

In certain embodiments, the radionuclide labelled PSMA
binding agent comprises 1404 (also referred to as MIP-
1404):
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In certain embodiments, the radionuclide labelled PSMA
binding agent comprises 1428 (also referred to as MIP-

OH
o //& 1428):
HO
O
HO%/N Kg
O

C iV
(ILW . foj\N

O\KOH 0 WCO/ZH\/\/NLN " N]/
HO. - )I\ OH o 2(7 N\) . HNIO\/\O/ KN(/\N}
N Y

w

ZT

) ) \"/OH o)
N
gzo © 20 o o 0
HO H \\(
HO. ; J\ OH OH
ﬁ‘/\N N OH
1404, HoH

or a pharmaceutically acceptable salt thereof.
In certain embodiments, the radionuclide labelled PSMA

binding agent comprises 1405 (also referred to as MIP- 1428,

or a pharmaceutically acceptable salt thereof.

1405): HO In certain embodiments, the PSMA binding agent is
Y\N labelled with a radionuclide by chelating it to a radioisotope
o /X 30 of a metal [e.g., a radioisotope of technetium (Ic) (e.g.,
Sy technetium-99m (°*°"Tc)); e.g., a radioisotope of rhenium
(Re) (e.g., rhenium-188 (***Re); e.g., thenium-186 (**°Re));
N, N e.g., a radioisotope of yttrium (Y) (e.g., °°Y); e.g., a radio-
isotope of lutetium (Lu) (e.g., *""Lu); e.g., a radioisotope of
35 gallium (Ga) (e.g., °®*Ga; e.g., ®’Ga); e.g., a radioisotope of
HN 0 N =N indium (e.g., '"'In); e.g., a radioisotope of copper (Cu) (e.g.,
O _OH =<7 \) TCul. . . . .
O In certain embodiments, 1404 is labelled with a radionu-
Ol clide (e.g., chelated to a radioisotope of a metal). In certain

embodiments, the radionuclide labelled PSMA binding
agent comprises *°"Tc-MIP-1404, which is 1404 labelled

T

HO )]\ OH with (e.g., chelated to)*"Tc:
N N
H H o
(6]
OH OH
45

1405, o N 0

or a pharmaceutically acceptable salt thereof. =\

In certain embodiments, the radionuclide labelled PSMA NN
binding agent comprises 1427 (also referred to as MIP- COOH
1427): o 50 0 Q /'\/\/\e Somy

o oH N R, PnTe(cO)
T S
0 =
j

M\ HO NJ\N OH N
K&S 33 H H i

o
an/ (@)
jan}
o
oy
7_/2
2
N
o
jan}
3
o
o

CO,H
I A
: =
HO OH
\H/\N)]\N O=<_ 99m T MIP-1404,
5 H H 5 OH or a pharmaceutically acceptable salt thereof. In certain
embodiments, 1404 may be chelated to other metal radio-
65 isotopes [e.g., a radioisotope of rhenium (Re) (e.g., thenium-
1427, 188 (**¥Re); e.g., rhenium-186 (**°Re)); e.g., a radioisotope
or a pharmaceutically acceptable salt thereof. of yttrium (Y) (e.g., °°Y); e.g., a radioisotope of lutetium
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(Lu)(e.g., *"’Lu); e.g., a radioisotope of gallium (Ga) (e.g.,
°8Ga; e.g., “’Ga); e.g., a radioisotope of indium (e.g., **'In);
e.g., a radioisotope of copper (Cu) (e.g., *’Cu)] to form a
compound having a structure similar to the structure shown
above for " Tc-MIP-1404, with the other metal radioiso-
tope substituted for *°"Tc.

In certain embodiments, 1405 is labelled with a radionu-
clide (e.g., chelated to a radioisotope of a metal). In certain
embodiments, the radionuclide labelled PSMA binding
agent comprises °°""Tc-MIP-1405, which is 1405 labelled

with (e.g., chelated t0)**"Tc:
e m

10

24

1427 chelated to a metal,
or a pharmaceutically acceptable salt thereof, wherein M

is a metal radioisotope [e.g., a radioisotope of technetium
(Tc) (e.g., technetium-99m (°*™Tc)); e.g., a radioisotope of
rhenium (Re) (e.g., rhenium-188 (**3Re); e.g., rhenium-186
(*®%Re)); e.g., a radioisotope of yttrium (Y) (e.g., °°Y); e.g.,
a radioisotope of lutetium (Lu)(e.g., }”’Lu); e.g., a radio-
%’Ga); e.g., a
radioisotope of indium (e.g., In); e.g., a radioisotope of
copper (Cu) (e.g., 9’Cu)] with which 1427 is labelled.

1428 is labelled with (e.g.,

isotope of gallium (Ga) (e.g., **Ga; e.g.,

In certain embodiments,

e . chelated to) a radioisotope of a metal, to form a compound
. 15 .
O N___ 99’”Tc(CO)3 according to the formula below:
20
T
25

#mTe-MIP-1405,

or a pharmaceutically acceptable salt thereof. In certain
embodiments, 1405 may be chelated to other metal radio-
1sot01?es [e.g., a radioisotope of rhenium (Re) (e.g., rhenium-
188 (***Re); e.g., rhenium-186 (*%°Re)); e.g., aradlolsotope
of yttrium (7Y) (e 2., °Y); eg., a rad101sotope of lutetium
gLu) (e.g,"Lu);e.g.,a rad101sotope of gallium (Ga) eg.,

8Ga; e.g., 9’ Ga); e.g., a radioisotope of indium (e.g., *'In);
e.g., a radioisotope of copper (Cu) (e.g., °’Cu)] to form a
compound having a structure similar to the structure shown
above for " Tc-MIP-1405, with the other metal radioiso-
tope substituted for *°"Tc.

In certain embodiments, 1427 is labelled with (e.g.,
chelated to) a radioisotope of a metal, to form a compound
according to the formula below:

30

35

0 \S
N/M*<CO>3
HO\<

NH

len

-

3N
e

¢}

1428 chelated to a metal,
or a pharmaceutically acceptable salt thereof, wherein M

OH —\ 40 is a metal radioisotope [e.g., a radioisotope of technetium

o N N (Tc) (e.g., technetium-99m (°°™Tc)); e.g., a radioisotope of

- \S \ rhenium (Re) (e.g., rhenium-188 (***Re); e.g., rhenium-186

OO OV Ne—"M(CO)3 (*®°Re)); e.g., a radioisotope of yttrium (Y) (e.g., *°Y); e.g.,

T o, I\! 45 a radioisotope of lutetium (Lu)(e.g., ”’Lu); e.g., a radio-

r O o /\) isotope of gallium (Ga) (e.g., ®*Ga; e.g., “’Ga); e.g., a

HO A N JkN OH )\\/N / radioisotope of indium (e.g., In); e.g., a radioisotope of
Y\H i HO copper (Cu) (e.g., ’Cu)] with which 1428 is labelled.

© 0 50  In certain embodiments, the radionuclide labelled PSMA

binding agent comprises PSMA 1&S:

O =
)‘\/\/\/\”/H N )k/ :
N N SH
NH \[(\
o) OH (o] \/\/I o]
" o /O/
Z 0 HO
HO
\H/\NJJ\N
H H
o]
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PSMA 1& S,

or a pharmaceutically acceptable salt thereof. In certain
embodiments, the radionuclide labelled PSMA binding
agent comprises *"Tc-PSMA 1&S, which is PSMA 1&S
labelled with ®*Tc, or a pharmaceutically acceptable salt
thereof.

A.iii Whole-Body Bone Scans

Turning to FIG. 1, BSI Cloud 130 refers to a cloud-based
decision support system that implements BSI values. BSI
refers to bone scan index, which is a value computed from
a method for detecting skeletal lesions from whole-body
scanning (and anterior and posterior views) with a gamma
camera following administration of the radionuclide tech-
netium 99m methylenediphosphonate (°°""Tc MDP). Further
explanation of BSI is provided, for example, in U.S. Pat. No.
8,855,387, which is incorporated herein by reference in its
entirety, as well as in U.S. patent application Ser. No.
15/282,422, filed Sep. 30, 2016, which is incorporated
herein by reference in its entirety.

In particular, BSI is computed from whole-body scans by
segmenting anterior and posterior views of the whole-body
scan of the patient to geographically identify boundaries of
regions within the views that correspond to various portions
of the patient’s skeleton. Segmentation of the patient’s
skeleton can be performed using a variety of approaches,
such as the Active Shape Model-based approach and the
atlas image registration approach (which registers the ante-
rior and posterior views of a whole body scan with reference
anterior and posterior views of a reference whole body scan
that have already been segmented (referred to as an atlas
image)) described in U.S. Pat. No. 8,855,387. Other
approaches, based on machine learning techniques (e.g.,
artificial neural networks (ANNS5); e.g., convolutional neural
networks (CNNs)) may also be used.

The BSI value is computed based on the intensity values
of whole-body scan within the identified boundaries of the
various skeletal regions. As discussed above, hotspots that
correspond to localized regions of high intensity within the
views (anterior and/or posterior views) of the whole-body
scan can be detected. Hotspots may be detected and/or
classified as corresponding to cancerous lesions (e.g., metas-
tases) using a variety of approaches, including, as described
in U.S. Pat. No. 8,855,387, machine learning techniques
such as ANNs.

Hotspots corresponding to cancerous tissue lesions within
the patient’s skeleton, once detected, can be used to deter-
mine a risk index that provides a measure of disease state for
the patient. For example, cancerous tissue levels within one
or more regions, such as particular bones and/or the overall
skeletal region, can be determined based on features of
detected hotspots (e.g., detected hotspots classified as metas-
tases). For example, a cancerous tissue level within a region
(e.g., a particular bone; e.g., the overall skeletal region) may
be determined based on (e.g., as a function of) a total number
of detected hotspots within the region, a total volume of
detected hotspots within the region, an average intensity of
detected hotspots, a maximal intensity of detected hotspots,
and the like, as well as combinations thereof. Properties of
the one or more regions, such as their area or volume may
also be used. For example, a total number and/or total
volume of detected hotspots may be normalized (e.g.,
divided) by a volume and/or area of the region in which they
are detected. A risk index may be determined based on the
determined cancerous tissue levels within one or more
regions, directly, e.g., as the cancerous tissue level within a
single region, or determined from cancerous tissue levels in
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multiple regions (e.g., as an average; e.g., as a scaled sum;
e.g., as a ratio; etc.), or even using machine learning
approaches.

For example, the BSI value is a risk index that is a
numeric value that quantifies the fraction of the total skel-
eton of the patient that is involved by cancerous tissue (e.g.,
tumors), based on the detected hotspots. The BSI value can
be compared between different patients, and used as an
objective measure of disease state and risk for a particular
patient. Notably, since BSI is computed in an automated
fashion, variability due to human factors such as radiologist
interpretation of images is avoided.

Moreover, a variety of actionable information can be
obtained from a patient’s BSI value. For example, BSI can
be correlated with prognostic values that provide a measure
of disease state, progression, life expectancy (e.g., overall
survival), treatment efficacy, and the like for the patient.
Accordingly, a patient’s BSI value can be used and tracked
over time (e.g., over the course of multiple visits to one or
more doctors) to provide them or their physician with an
objective metric of what state their cancer is in, how fast it
is progressing, what their outlook is, and whether one or
more particular treatments are proving effective.

A.iv Positron Emission Tomography (PET) Scans

PyL Cloud 120 refers to a cloud-based system that uses
medical images obtained with the agent PyL™, which is
DCFPyL labeled with '®F ([18F]DCFPyL). The patient,
after injection of the imaging agent, receives a positron
emission tomography (PET) scan to identify hot spots, and
a CT scan. Further information about the PyL™ imaging
agent is provided above, and, for example, in U.S. Pat. No.
8,778,305, which is incorporated herein by reference in its
entirety.

In certain embodiments, the PET scan and the CT scan are
combined as a composite image comprising the CT scan
overlaid with the PET scan. As used herein, overlaying one
image (e.g., a CT scan) with another (e.g., a PET scan) refers
to establishing a mapping between coordinates and/or pixels
or voxels of the two images that that represent the same
physical locations (e.g., within the patient). CT scans pro-
vide accurate anatomical information in the form of detailed
three-dimensional (3D) images of internal organs, bones,
soft tissue, and blood vessels. Accordingly, 3D boundaries of
specific regions of imaged tissue can be accurately identified
by analysis of CT scans. For example, automated segmen-
tation of CT scans can be performed to identify 3D bound-
aries of specific organs (e.g., a prostate, lymph nodes, a lung
or lungs), sub-organs, organ regions, as well as other regions
of imaged tissue, such as particular bones and an overall
skeletal region of the patient. Automated segmentation of
CT scans can be accomplished via a variety of approaches,
include machine learning techniques [e.g., ANN-based
approaches (including, e.g., convolutional neural networks
(CNNs))], atlas image registration, and combinations
thereof. In certain embodiments, manual segmentation of
CT images can also be utilized, alone or in combination with
automated segmentation approaches (e.g., to refine 3D
boundaries identified via automated segmentation; e.g., to
provide an initial starting point for an automated segmen-
tation approach).

Once the 3D boundaries of various regions are identified
within a CT scan of a composite image, by virtue of the
mapping between the CT scan and PET scan of the com-
posite image, the identified 3D boundaries can be transferred
to the PET image. Accordingly, regions of the PET image
falling within and/or outside of the identified 3D boundaries
can be accurately identified.
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In certain embodiments, composite images comprising
CT scans overlaid with PET scans are obtained using
dedicated PET-CT scanner instruments common in many
hospitals, and are uploaded as medical images to the cloud-
based platform described herein. In certain embodiments, a
PET scan and a corresponding CT scan are obtained sepa-
rately (but at substantially the same time), and uploaded to
the cloud-based platform described herein. In such cases, the
separately obtained PET and CT scans can be automatically
fused to create a composite image.

In certain embodiments, once the 3D boundaries of the
various regions are identified within the PET scan, one or
more risk indices can be computed in a similar fashion to
that described above with regard to BSI. In particular, in
certain embodiments, intensity values of the PET scan in
relation to (e.g., within and/or outside of) the 3D boundaries
of the identified regions can be used to determine levels of
cancerous tissue within the identified regions, e.g., based on
features of detected hotspots (e.g., detected hotspots corre-
sponding to metastases). Risk indices can then be computed
based on the determined cancerous tissue levels. For
example, hotspots within the PET scan can be identified,
and, based on features such as their size, number, and
distribution with respect to the identified regions, used to
compute one or more risk indices. As with BSI, risk indices
determined from PET scans can be correlated with prognos-
tic values and tracked over time (e.g., over the course of
multiple visits to one or more doctors) to provide patients or
their physician with an objective metric of what state their
cancer is in, how fast it is progressing, what their outlook is,
and whether one or more particular treatments are proving
effective. The approaches described herein with regard to
PET imaging using PyLL™ as a radiopharmaceutical can be
applied to a variety of other radiopharmaceuticals, such as
those described above, including, without limitation NaF,
radioisotopes of choline, and any of the PSMA binding
agents described in section A.i above.

A.v Single-Photon Emission Computerized Tomography
(SPECT) Scans

1404 Cloud 130 refers to a cloud-based system that uses
medical images obtained with the agent " Tc-MIP-1404,
which, as described above, is 1404 labeled with Tc”*™. After
injection of the imaging agent, the patient receives a single-
photon emission computerized tomography (SPECT) scan,
e.g., to identify hot spots, and a computed tomography (CT)
scan, e.g., to identify anatomical features. These images are
overlaid to make a composite image (SPECT/CT). Further
information about “*"Tc-MIP-1404 imaging agent is pro-
vided above, and, for example, in U.S. Pat. Nos. 8,211,401
and 8,962,799, both of which are incorporated herein by
reference in their entireties.

SPECT and CT scans can be analyzed in a manner similar
to that described above with respect to PET and CT scans,
in order to determine one or more risk indices. In particular,
as with PET and CT scans, the SPECT scan and the CT scan
can be combined in a composite image in which the CT scan
is overlaid with the SPECT scan—a composite SPECT-CT
image. As with composite PET-CT images, composite
SPECT-CT images may be directly received as medical
images by the cloud-based platform described herein (e.g.,
having been obtained via dedicated SPECT-CT imager in a
hospital), or may be created by the cloud-based platform
following receipt of separate SPECT scans and CT scans.

Similar to PET-CT images, 3D boundaries of various
regions of imaged tissue can be identified within the SPECT
image by virtue of the overlay with the CT image of the
composite image. Intensity variations within the SPECT
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image, in relation to the 3D boundaries can be used to
compute one or more risk indices. As with the approaches
for computing risk indices from composite PET-CT images,
this may comprise determine levels of cancerous tissue
within the identified regions, for example by detecting
hotspots within the 3D boundaries of the identified regions.
Such risk indices can be correlated with prognostic values
and tracked over time (e.g., over the course of multiple visits
to one or more doctors) to provide patients or their physician
with an objective metric of what state their cancer is in, how
fast it is progressing, what their outlook is, and whether one
or more particular treatments are proving effective. The
approaches described herein with regard to SPECT imaging
using *°"Tc-MIP-1404 as a radiopharmaceutical can be
applied to a variety of other radiopharmaceuticals, such as
those described above, including, without limitation, any of
the PSMA binding agents described in section A.ii above

B. Platform Services and Computing Device Components

FIG. 2 is a schematic 200 showing the relationship
between a platform and a computing device (e.g., personal
computer or mobile computing device, e.g., smart phone)
running an application, according to illustrative embodi-
ments of the invention. The platform performs various
services, for example, user authentication (“Auth”), image
and other data storage (“SliceBox), and the like—many
more services than those shown may be provided. The
applications may have both a platform component and a
device component (e.g., native app on the client device).

FIG. 9 shows an example architecture 900 for implement-
ing the cloud-based platform described herein, and provid-
ing various services such as the BSI Cloud, PyL Cloud, and
1404 Cloud services described above. The architecture
shown in FIG. 9 can be used to implement the platform
described herein on a variety of datacenters, including
publicly available datacenters. The datacenter provides
infrastructure in the form of servers and networks and
provides services for e.g. networking, messaging, authenti-
cation, logging and storage. The architecture 900 for the
platform uses a series of functional units with limited scope
referred to as microservices. Each microservice handles an
isolated set of tasks such as image storage, calculation of a
risk index, identification of medical image type, and other
tasks. Services (e.g., microservices) can communicate with
each other using standard protocols such as Hypertext
Transfer Protocol (HTTP). Organizing the platform into a
network of microservices, as shown in the architecture 900
of FIG. 9, allows for parts of the platform to be scaled
individually to meet high demand and to ensure minimal
downtime.

In certain embodiments, such an architecture allows for
components to be improved or replaced without affecting
other parts of the platform. The example architecture 900
shown in FIG. 9 includes a set 920 of microservices that that
are common to two or more applications in the platform. The
left 910 and right 930 panels show microservices in two
applications. The microservice network shown in the left
panel 910 implements a version of the BSI Cloud service, as
described above, and provides for calculation of an auto-
mated BSI index (aBSI), which is a risk index derived from
automated analysis of whole-body scans obtained with a
gamma camera. The microservice network shown in the
right panel 930 implements a version of the 1404 Cloud
service, as described above, and provides for automated
calculation of a SPECT index, which is a risk index derived
from automated analysis of composite SPECT-CT images.
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C. Image Collection, Analysis, and Result Presentation

FIG. 3 is a GUI window 300 in the BSI Cloud application
(displayed to a user) that allows a user to enter information
about a patient and upload and/or access medical images for
the patient, e.g., series of images obtained over a period of
time.

FIG. 4 is a GUI window 400 in the BSI Cloud application
showing representative full body gamma camera images
showing hotspots automatically identified by the system,
with corresponding overall computed BSI values for a
particular image set obtained at a given time. A graph 410 at
left shows how the BSI value has changed over time
(increase) for this particular patient.

FIG. 5 is a GUI window in the BSI Cloud application
showing an automatically or semi-automatically generated
radiologist report 510, which can be signed and dated by a
radiologist. In certain embodiments, the automatically iden-
tified hotspots may be adjusted by the radiologist (or other
medical practitioner attending to the patient), with the
change(s) reflected in the report. For example, an identified
hotspot may be deactivated by the radiologist, or a new
hotspot may be activated by the radiologist, such changes
possibly affecting the computed BSI value, displayed in the
report.

FIG. 6 is a block flow diagram of an illustrative network-
based (e.g., cloud based) decision support system, according
to an illustrative embodiment of the invention. FIG. 6 shows
various functions that may be performed by the cloud based
services described herein. These include: (i) receiving and
storing sets of medical images in a database; (ii) accessing
one or more of the medical images for transmission to the
user for display on a user computing device; (iii) automati-
cally analyzing, by the processor, the medical images to
compute a risk index (e.g., BSI) and/or to generate a risk
map; (iv) generating a radiologist report for a patient accord-
ing to the patient images and/or risk index/risk map; and
applying a machine learning algorithm to update a process
for the automatic analysis of function (iii).

FIG. 10 is a schematic showing clinical stages 1010 of
prostate cancer progression, along with various therapies
1020 and diagnostic imaging modalities 1030 appropriate
for various disease states. As shown in the schematic,
depending on the clinical state of a patient’s prostate cancer,
different imaging modalities and/or different radiopharma-
ceuticals may be appropriate. Similarly, different risk indices
computed based on different imaging modalities and/or
different radiopharmaceuticals may most appropriate,
depending on the state of the patient’s prostate cancer.

For example, in certain embodiments, when a patient
either has, or is suspected of having prostate cancer in a
localized state, composite SPECT-CT imaging may be used.
SPECT scans of composite SPECT-CT images used for
evaluation of localized prostate cancer can be obtained
following administration of a particular radiopharmaceuti-
cal, such as °°"Tc-MIP-1404, that facilitates imaging of
localized prostate cancer. Any of the SPECT-CT images
themselves, derivatives thereof, and risk indices computed
from the SPECT-CT images can be used, accordingly, to
assess risk, disease state, progression, treatment efficacy and
the like for localized prostate cancer.

In certain embodiments, when a patient has or is sus-
pected of having metastatic prostate cancer, that has metas-
tasized outside of the prostate, other imaging techniques
may be used. For example, whole-body scans obtained
following administration of **”"Tc-MDP can be used to
assess tumor burden in a patient’s skeleton. As discussed
above, BSI values computed from whole-body scans can be

5

20

25

40

45

55

60

65

30

used to assess risk, disease state, progression, treatment
efficacy and the like when a patient’s prostate cancer has
metastasized to their skeleton. In certain embodiments,
certain imaging modalities and/or radiopharmaceuticals can
be used for evaluate of prostate cancer in both localized and
metastatic states. For example, as illustrated in FIG. 10,
PET-CT imaging can be used for evaluating prostate cancer
in both localized and metastatic states. As shown in the
figure, such PET-CT images may be obtained using an
appropriate radiopharmaceutical, such as PyL™, that facili-
tates imaging of both localized and metastatic prostate
cancetr.

In certain embodiments, the cloud-based platform facili-
tates evaluating prostate cancer progression and treatment
efficacy over time. For example, as shown in the example
process 1100 of the block flow diagram of FIG. 11, in certain
embodiments medical images of a particular patient are
repeatedly received and stored over time 1110, over the
course of multiple visits to one or more doctors and/or
clinical specialists (e.g., radiologists) by the patient. In this
manner, a series of medical images for the patient are
obtained. The series of medical images can be automatically
analyzed to determine values of one or more risk indices, so
as to track changes in the determined values over time 1120.
The determined risk index values may be stored 1130a (e.g.,
for further processing). In certain embodiments, the process
causes a graphical representation of the determined risk
index values, such as a graph, to be displayed (e.g., on a user
computing device; e.g., via a web-based portal) 11305.

Notably, by virtue of the capability of the cloud-based
platform described herein to receive, store, and analyze a
variety of different medical image types, such as composite
SPECT-CT images, whole-body scans, and composite PET-
CT images, the medical images need not be of the same type.

For example, a first subseries of medical images may be
obtained using a first imaging modality and a first radiop-
harmaceutical, such as SPECT-CT imaging with *°"Tc-
MIP-1404, when the patient’s prostate cancer is in a local-
ized state. If the patient’s prostate cancer progresses to a
metastatic state, a second subseries of images may comprise
images obtained via a different, second imaging modality
and/or a different, second radiopharmaceutical. For
example, the second subseries of medical images may be
PET-CT images obtained using PyL™ For example, the
second subseries of medical images may be whole-body
scans obtained using **""Tc-MDP.

Risk indices can be computed for the first image subseries
and for the second image subseries to provide a unified
picture of the patient’s prostate cancer progression and
treatment over time. This approach can be performed for
multiple patients, not only for decision making purposes
with regard to each patient’s disease progression and par-
ticular course of treatment, but also in the context of clinical
trials, for example to compare efficacy of a particular
treatment with others or a control.

D. Computer System and Network Environment

FIG. 7 shows an illustrative network environment 700 for
use in the methods and systems described herein. In brief
overview, referring now to FIG. 7, a block diagram of an
exemplary cloud computing environment 700 is shown and
described. The cloud computing environment 700 may
include one or more resource providers 702a, 70256, 702¢
(collectively, 702). Each resource provider 702 may include
computing resources. In some implementations, computing
resources may include any hardware and/or software used to
process data. For example, computing resources may
include hardware and/or software capable of executing
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algorithms, computer programs, and/or computer applica-
tions. In some implementations, exemplary computing
resources may include application servers and/or databases
with storage and retrieval capabilities. Each resource pro-
vider 702 may be connected to any other resource provider
702 in the cloud computing environment 700. In some
implementations, the resource providers 702 may be con-
nected over a computer network 708. Each resource provider
702 may be connected to one or more computing device
704a, 704b, 704c (collectively, 704), over the computer
network 708.

The cloud computing environment 700 may include a
resource manager 706. The resource manager 706 may be
connected to the resource providers 702 and the computing
devices 704 over the computer network 708. In some
implementations, the resource manager 706 may facilitate
the provision of computing resources by one or more
resource providers 702 to one or more computing devices
704. The resource manager 706 may receive a request for a
computing resource from a particular computing device 704.
The resource manager 706 may identify one or more
resource providers 702 capable of providing the computing
resource requested by the computing device 704. The
resource manager 706 may select a resource provider 702 to
provide the computing resource. The resource manager 706
may facilitate a connection between the resource provider
702 and a particular computing device 704. In some imple-
mentations, the resource manager 706 may establish a
connection between a particular resource provider 702 and
a particular computing device 704. In some implementa-
tions, the resource manager 706 may redirect a particular
computing device 704 to a particular resource provider 702
with the requested computing resource.

FIG. 8 shows an example of a computing device 800 and
a mobile computing device 850 that can be used in the
methods and systems described in this disclosure. The
computing device 800 is intended to represent various forms
of digital computers, such as laptops, desktops, worksta-
tions, personal digital assistants, servers, blade servers,
mainframes, and other appropriate computers. The mobile
computing device 850 is intended to represent various forms
of mobile devices, such as personal digital assistants, cel-
lular telephones, smart-phones, and other similar computing
devices. The components shown here, their connections and
relationships, and their functions, are meant to be examples
only, and are not meant to be limiting.

The computing device 800 includes a processor 802, a
memory 804, a storage device 806, a high-speed interface
808 connecting to the memory 804 and multiple high-speed
expansion ports 810, and a low-speed interface 812 con-
necting to a low-speed expansion port 814 and the storage
device 806. Each of the processor 802, the memory 804, the
storage device 806, the high-speed interface 808, the high-
speed expansion ports 810, and the low-speed interface 812,
are interconnected using various busses, and may be
mounted on a common motherboard or in other manners as
appropriate. The processor 802 can process instructions for
execution within the computing device 800, including
instructions stored in the memory 804 or on the storage
device 806 to display graphical information for a GUI on an
external input/output device, such as a display 816 coupled
to the high-speed interface 808. In other implementations,
multiple processors and/or multiple buses may be used, as
appropriate, along with multiple memories and types of
memory. Also, multiple computing devices may be con-
nected, with each device providing portions of the necessary
operations (e.g., as a server bank, a group of blade servers,
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or a multi-processor system). Thus, as the term is used
herein, where a plurality of functions are described as being
performed by ““a processor”, this encompasses embodiments
wherein the plurality of functions are performed by any
number of processors (one or more) of any number of
computing devices (one or more). Furthermore, where a
function is described as being performed by “a processor”,
this encompasses embodiments wherein the function is
performed by any number of processors (one or more) of any
number of computing devices (one or more) (e.g., in a
distributed computing system).

The memory 804 stores information within the computing
device 800. In some implementations, the memory 804 is a
volatile memory unit or units. In some implementations, the
memory 804 is a non-volatile memory unit or units. The
memory 804 may also be another form of computer-readable
medium, such as a magnetic or optical disk.

The storage device 806 is capable of providing mass
storage for the computing device 800. In some implemen-
tations, the storage device 806 may be or contain a com-
puter-readable medium, such as a floppy disk device, a hard
disk device, an optical disk device, or a tape device, a flash
memory or other similar solid state memory device, or an
array of devices, including devices in a storage area network
or other configurations. Instructions can be stored in an
information carrier. The instructions, when executed by one
or more processing devices (for example, processor 802),
perform one or more methods, such as those described
above. The instructions can also be stored by one or more
storage devices such as computer- or machine-readable
mediums (for example, the memory 804, the storage device
806, or memory on the processor 802).

The high-speed interface 808 manages bandwidth-inten-
sive operations for the computing device 800, while the
low-speed interface 812 manages lower bandwidth-inten-
sive operations. Such allocation of functions is an example
only. In some implementations, the high-speed interface 808
is coupled to the memory 804, the display 816 (e.g., through
a graphics processor or accelerator), and to the high-speed
expansion ports 810, which may accept various expansion
cards (not shown). In the implementation, the low-speed
interface 812 is coupled to the storage device 806 and the
low-speed expansion port 814. The low-speed expansion
port 814, which may include various communication ports
(e.g., USB, Bluetooth®, Ethernet, wireless Ethernet) may be
coupled to one or more input/output devices, such as a
keyboard, a pointing device, a scanner, or a networking
device such as a switch or router, e.g., through a network
adapter.

The computing device 800 may be implemented in a
number of different forms, as shown in the figure. For
example, it may be implemented as a standard server 820, or
multiple times in a group of such servers. In addition, it may
be implemented in a personal computer such as a laptop
computer 822. It may also be implemented as part of a rack
server system 824. Alternatively, components from the com-
puting device 800 may be combined with other components
in a mobile device (not shown), such as a mobile computing
device 850. Each of such devices may contain one or more
of the computing device 800 and the mobile computing
device 850, and an entire system may be made up of multiple
computing devices communicating with each other.

The mobile computing device 850 includes a processor
852, a memory 864, an input/output device such as a display
854, a communication interface 866, and a transceiver 868,
among other components. The mobile computing device 850
may also be provided with a storage device, such as a
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micro-drive or other device, to provide additional storage.
Each of the processor 852, the memory 864, the display 854,
the communication interface 866, and the transceiver 868,
are interconnected using various buses, and several of the
components may be mounted on a common motherboard or
in other manners as appropriate.

The processor 852 can execute instructions within the
mobile computing device 850, including instructions stored
in the memory 864. The processor 852 may be implemented
as a chipset of chips that include separate and multiple
analog and digital processors. The processor 852 may pro-
vide, for example, for coordination of the other components
of the mobile computing device 850, such as control of user
interfaces, applications run by the mobile computing device
850, and wireless communication by the mobile computing
device 850.

The processor 852 may communicate with a user through
a control interface 858 and a display interface 856 coupled
to the display 854. The display 854 may be, for example, a
TFT (Thin-Film-Transistor Liquid Crystal Display) display
or an OLED (Organic Light Emitting Diode) display, or
other appropriate display technology. The display interface
856 may comprise appropriate circuitry for driving the
display 854 to present graphical and other information to a
user. The control interface 858 may receive commands from
a user and convert them for submission to the processor 852.
In addition, an external interface 862 may provide commu-
nication with the processor 852, so as to enable near area
communication of the mobile computing device 850 with
other devices. The external interface 862 may provide, for
example, for wired communication in some implementa-
tions, or for wireless communication in other implementa-
tions, and multiple interfaces may also be used.

The memory 864 stores information within the mobile
computing device 850. The memory 864 can be imple-
mented as one or more of a computer-readable medium or
media, a volatile memory unit or units, or a non-volatile
memory unit or units. An expansion memory 874 may also
be provided and connected to the mobile computing device
850 through an expansion interface 872, which may include,
for example, a SIMM (Single In Line Memory Module) card
interface. The expansion memory 874 may provide extra
storage space for the mobile computing device 850, or may
also store applications or other information for the mobile
computing device 850. Specifically, the expansion memory
874 may include instructions to carry out or supplement the
processes described above, and may include secure infor-
mation also. Thus, for example, the expansion memory 874
may be provided as a security module for the mobile
computing device 850, and may be programmed with
instructions that permit secure use of the mobile computing
device 850. In addition, secure applications may be provided
via the SIMM cards, along with additional information, such
as placing identifying information on the SIMM card in a
non-hackable manner.

The memory may include, for example, flash memory
and/or NVRAM memory (non-volatile random access
memory), as discussed below. In some implementations,
instructions are stored in an information carrier and, when
executed by one or more processing devices (for example,
processor 852), perform one or more methods, such as those
described above. The instructions can also be stored by one
or more storage devices, such as one or more computer- or
machine-readable mediums (for example, the memory 864,
the expansion memory 874, or memory on the processor
852). In some implementations, the instructions can be
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received in a propagated signal, for example, over the
transceiver 868 or the external interface 862.

The mobile computing device 850 may communicate
wirelessly through the communication interface 866, which
may include digital signal processing circuitry where nec-
essary. The communication interface 866 may provide for
communications under various modes or protocols, such as
GSM voice calls (Global System for Mobile communica-
tions), SMS (Short Message Service), EMS (Enhanced
Messaging Service), or MMS messaging (Multimedia Mes-
saging Service), CDMA (code division multiple access),
TDMA (time division multiple access), PDC (Personal
Digital Cellular), WCDMA (Wideband Code Division Mul-
tiple Access), CDMA2000, or GPRS (General Packet Radio
Service), among others. Such communication may occur, for
example, through the transceiver 868 using a radio-fre-
quency. In addition, short-range communication may occur,
such as using a Bluetooth®, Wi-Fi™, or other such trans-
ceiver (not shown). In addition, a GPS (Global Positioning
System) receiver module 870 may provide additional navi-
gation- and location-related wireless data to the mobile
computing device 850, which may be used as appropriate by
applications running on the mobile computing device 850.

The mobile computing device 850 may also communicate
audibly using an audio codec 860, which may receive
spoken information from a user and convert it to usable
digital information. The audio codec 860 may likewise
generate audible sound for a user, such as through a speaker,
e.g., in a handset of the mobile computing device 850. Such
sound may include sound from voice telephone calls, may
include recorded sound (e.g., voice messages, music files,
etc.) and may also include sound generated by applications
operating on the mobile computing device 850.

The mobile computing device 850 may be implemented in
a number of different forms, as shown in the figure. For
example, it may be implemented as a cellular telephone 880.
It may also be implemented as part of a smart-phone 882,
personal digital assistant, or other similar mobile device.

Various implementations of the systems and techniques
described here can be realized in digital electronic circuitry,
integrated circuitry, specially designed ASICs (application
specific integrated circuits), computer hardware, firmware,
software, and/or combinations thereof. These various imple-
mentations can include implementation in one or more
computer programs that are executable and/or interpretable
on a programmable system including at least one program-
mable processor, which may be special or general purpose,
coupled to receive data and instructions from, and to trans-
mit data and instructions to, a storage system, at least one
input device, and at least one output device.

These computer programs (also known as programs,
software, software applications or code) include machine
instructions for a programmable processor, and can be
implemented in a high-level procedural and/or object-ori-
ented programming language, and/or in assembly/machine
language. As used herein, the terms machine-readable
medium and computer-readable medium refer to any com-
puter program product, apparatus and/or device (e.g., mag-
netic discs, optical disks, memory, Programmable Logic
Devices (PLDs)) used to provide machine instructions and/
or data to a programmable processor, including a machine-
readable medium that receives machine instructions as a
machine-readable signal. The term machine-readable signal
refers to any signal used to provide machine instructions
and/or data to a programmable processor.

To provide for interaction with a user, the systems and
techniques described here can be implemented on a com-
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puter having a display device (e.g., a CRT (cathode ray tube)
or LCD (liquid crystal display) monitor) for displaying
information to the user and a keyboard and a pointing device
(e.g., a mouse or a trackball) by which the user can provide
input to the computer. Other kinds of devices can be used to
provide for interaction with a user as well; for example,
feedback provided to the user can be any form of sensory
feedback (e.g., visual feedback, auditory feedback, or tactile
feedback); and input from the user can be received in any

36

wherein the analysis of the one or more medical images
comprises creation of a 3D image of the one or more
regions of risk of cancer or risk of recurrence of cancer
overlaid on the one or more medical images, and
wherein the 3D image comprises geographic identifi-
cation of one or more specific tissue region(s) overlaid

on the one or more medical images.
2. The system of claim 1, wherein the one or more medical
images comprise one or more magnetic resonance images

form, including acoustic, speech, or tactile input. 10
. . . (MRIs).

The systems and techniques described here can be imple- . . .

. . . 3. The system of claim 1, wherein the one or more medical
mented in a computing system that includes a back end . .. . ..

. . images comprise (i) one or more PET/CT image(s) or (ii)

component (e.g., as a data server), or that includes a middle- SPECT/CT ;
ware component (e.g., an application server), or that one or more . image(s). . .
includes a front end component (e.g., a client computer 15 4. Th? syste.:m of claim 1, Whereln the visual representa-
having a graphical user interface or a Web browser through tion of tissue is at least a portion of one of the one or more
which a user can interact with an implementation of the =~ medical images of the particular patient. ‘
systems and techniques described here), or any combination 5. The system of claim 1, wherein the cancer is prostate
of'such back end, middleware, or front end components. The cancer.
components of the system can be interconnected by any 20 6. The system of claim 1, wherein the visual representa-
form or medium of digital data communication (e.g., a tion of tissue comprises a visual representation of bone.
communication network). Examples of communication net- 7. The system of claim 1, wherein the one or more specific
works include a local area network (LAN), a wide area tissue region(s) comprise one or more members selected
network (WAN), and the Internet. from the group consisting of organs, organ structures, sub-

The computing system can include clients and servers. A 25 organs, and organ regions.
clie.nt and. server are generally remote fr om each other and 8. The system of claim 1, wherein the one or more specific
typically interact through a communication network. The  fissue region(s) comprise one or more particular bones.
relationship of .chent and server arises by virtue of computer 9. The system of claim 1, wherein the instructions cause
plr.ograms runmflg. on tﬁl.e respecﬁve ﬁom%)uters an,d hellvmg a the processor to generate a radiologist report for the par-
chent-server relationship to each other. In some implemen- 30 ;,j,, patient based at least in part on the analysis of the one
tations, the modules and/or services (e.g. cloud based ser- or more medical imaces
vices, such as BSI Cloud 110, PyL Cloud 120, 1404 Cloud 10. The system of c%]ai}n 9, wherein the radiologist report
130; e.g., any of the microservices described herein) S Y P EI8T rep
described herein can be separated, combined or incorporated comprises the one or more medical images and the risk map.
into single or combined modules and/or services. The mod- 35 11. The system of claim 9, Wher.eln the radiologist repprt
ules and/or services depicted in the figures are not intended comprises one or more reference images or reference risk
to limit the systems described herein to the software archi- ~ ™aps- ) i ) )
tectures shown therein 12. The system of claim 1, Whe?reln the lpstmctlogs cause

While the invention has been particularly shown and  the processor to apply a glachlne lea{n1ng algorithm to
described with reference to specific preferred embodiments, 40 update a process for automatically analyzing the one or more
it should be understood by those skilled in the art that medical images using accumulated image data in the data-
various changes in form and detail may be made therein base.
without departing from the spirit and scope of the invention 13. A method for generating a disease risk map for use as
as defined by the appended claims. a decision-making support for evaluating risk of cancer or

What is claimed is: 45 risk of recurrence of cancer, the method comprising:

1. A network-based system for generating a disease risk (i) accessing, by a processor, one or more medical images
map for use asa decision-making support for evaluating risk associated with a particular patient from a database;
of. cancer or risk of recurrence of cancer, the system com- (ii) automatically analyzing, by the processor, using a
prismg: machine learning algorithm, the one or more medical

a processoi, aI.ld . . dth herein th 30 images to generate the risk map, wherein the risk map

amemory having mstructions stored thereon, wherein the comprises a visual representation of tissue overlaid

instructions, when executed by the processor, cause the . . . .

with graphical denotations marking one or more

processor to: . . . .
. Lo . . regions of risk of cancer or risk of recurrence of cancer;
(i) access one or more medical images associated with a 4

particular patient from a database; 55 and by th display of the risk .
(i1) perform an analysis of the one or more medical images (iif) cau511111ig, ly the pr oc;:fssor, é}sglay fo © sk map via

associated with the particular patient using a machine a graphical user nterface (GUI) for presentation or

learning algorithm, to generate the risk map, wherein hreVl.e w of th.e risk map by a user, f23Di fth

the risk map comprises a visual representation of tissue wherein step (i) comprises creation of a 31) image of the

overlaid with graphical denotations marking one or 60 one or more regions of risk of cancer or risk of

more regions of risk of cancer or risk of recurrence of
cancer; and

(iii) cause display of the risk map via a graphical user
interface (GUI) for presentation or review of the risk
map by a user,

recurrence of cancer overlaid on the one or more
medical images, and wherein the 3D image comprises
geographic identification of one or more specific tissue
region(s) overlaid on the one or more medical images.

* #* #* #* #*
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1
SYSTEMS AND METHODS FOR RAPID
NEURAL NETWORK-BASED IMAGE

2

and primary tumors, suggesting the potential for high sen-
sitivity and specificity in detecting prostate cancer.

SEGMENTATION AND An oncologist may use images from a targeted PET or
RADIOPHARMACEUTICAL UPTAKE SPECT study of a patient as input in her assessment of
DETERMINATION 5 whether the patient has a particular disease, e.g., prostate

CROSS REFERENCE TO RELATED
APPLICATIONS

This application claims priority to and benefit of U.S.
Provisional Application No. 62/614,935, filed Jan. 8, 2018,
the content of which is hereby incorporated by reference in
its entirety.

FIELD OF THE INVENTION

This invention relates generally to methods, systems, and
architectures for automated analysis and/or presentation of
medical image data. More particularly, in certain embodi-
ments, the invention relates to automated identification of
one or more particular regions of interest (e.g., correspond-
ing to specific organs or tissue) within images of a subject
and determination of radiopharmaceutical uptake within
such region(s), e.g., for identification and/or staging of
disease, e.g., prostate cancer.

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. 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 spectrum characteristics attractive for
nuclear medicine imaging applications.

Another example radiopharmaceutical is PyL™ (also
known as ['®*F]DCFPyL), which is a clinical-stage, fluori-
nated PSMA-targeted PET imaging agent for prostate can-
cer. A proof-of-concept study published in the April 2015
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
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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 analysis of medical imaging studies and commu-
nication of those results, diagnoses, prognoses, treatment
recommendations, and associated risks to a patient.

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 organs and/or tissue. In certain embodiments, the
accurate identification of one or more such volumes are used
to automatically determine quantitative metrics that repre-
sent uptake of radiopharmaceuticals in particular organs
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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 determine eflicacy of a treatment modality.

For example, the systems and methods described herein
can be used for automated analysis of medical images in
order to determine uptake metrics that provide a quantitative
measure of uptake of a radiopharmaceutical such as a
radionuclide labelled PSMA binding agent (e.g., **"Tc-
MIP-1404, e.g., ['®F]DCFPyL) within a prostate of the
subject. Such uptake metrics are of relevance for evaluating
patient risk for prostate cancer and/or prostate cancer sever-
ity/stage within a subject. For example, it has been found
that high sensitivities and specificities can be achieved for
the automated classification of clinically significant prostate
cancer vs. clinically non-significant prostate cancer.

In certain embodiments, the image analysis approaches
described herein utilize a combination of 3D anatomical and
functional images obtained for the subject. Anatomical
images, such as x-ray computed tomography (CT) images,
provide detailed anatomical/structural information. Func-
tional images convey information relating to physiological
activities within specific organs and/or tissue, such as
metabolism, blood flow, regional chemical composition,
and/or absorption. Of particular relevance are nuclear medi-
cine images, such as single photon emission computed
tomography (SPECT) and/or positron emission tomography
(PET) images, which are acquired by detecting emitted
radiation from the subject and which can be used to infer
spatial distributions of administered radiopharmaceuticals
within the subject.

For example, SPECT imaging can be used to evaluate
uptake of the radiopharmaceutical **"Tc-MIP-1404 (which
is 1404 labelled with *"Tc). In certain embodiments, in
order to evaluate *°"Tc-MIP-1404 uptake in a prostate of a
subject, a CT image and a corresponding SPECT image are
obtained for the subject, such that the anatomical/structural
information of the CT image can be correlated with the
functional information of the corresponding SPECT image.
Often the CT and SPECT images are acquired via two
separate scans (e.g., a first scan for the CT image and a
second scan for the SPECT image) using a single multi-
modal imaging system, such that the subject is a substan-
tially fixed position over the duration of the two scans. In
this manner, a mapping between voxels of the CT image and
those of the SPECT image is established, and volumes
identified within the CT image as corresponding to specific
organs and/or tissue regions can be used to identify those
voxels the SPECT image that correspond to those same
specific organs/and or tissue regions.

Accordingly, in certain embodiments, the image analysis
approaches described herein utilize convolutional neural
networks (CNNs) to accurately identify a prostate volume
within the CT image that corresponds to the prostate of the
subject. The identified prostate volume can be used to
identify those voxels of the SPECT image that also corre-
spond to the subject’s prostate. Uptake metrics that provide
a measure of uptake of the imaging agent (e.g., a labelled
PSMA binding agent, e.g., *"Tc-MIP-1404 or ['®F]
DCFPyL) in the prostate can thus be computed using the
intensities of SPECT image voxels corresponding to the
prostate of the subject. The uptake metrics, then, can be
converted to an identification of whether or not the subject
has prostate cancer and/or a quantification of risk that the
subject has prostate cancer, and/or a staging of the disease
(e.g., as part of disease tracking over time), which may be
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used by the medical practitioner in advising treatment
options, and/or monitoring efficacy of administered therapy,
for example.

Various advances are described herein that improve the
performance of the automated measurement of uptake met-
rics in the prostate (or, more broadly, a particular organ or
tissue region of interest) via this multi-image approach, i.e.,
analysis of a 3D anatomical image in combination with a 3D
functional image. These advances include, for example, the
automated identification of a bounding box in the 3D
anatomical image (e.g., using a first convolutional neural
network, CNN) to identify a pelvic region within which the
prostate lies.

For example, a set of 3D anatomical images with identi-
fied physiology (e.g., identified pelvic regions) is used to
train a first CNN on points representing the boundaries of the
pelvic region (e.g., the vertices of a cuboid bounding box)
such that the first CNN can be used to automatically identify
the pelvic region in a 3D anatomical image of a subject. This
provides a more standard-sized initial volumetric region of
the 3D anatomical image to be subsequently processed (e.g.,
via a second CNN) for detailed segmentation of regions of
interest within the initial volumetric region—e.g., where the
bounding box bounds regions of the image corresponding to
the prostate and/or the bladder and/or the rectum, and/or
gluteal muscles of the subject. Imaging agent uptake metrics
may then be determined from the portions of the 3D func-
tional image that map to one or more of the identified
regions of the 3D anatomical image. Note that, as used
herein, the ‘bounding box’ isn’t necessarily a cuboid, but
may have other shapes. In certain embodiments, the bound-
ing box is a cuboid.

The determination of the bounding box via the first CNN
may use, as input, a significantly less dense resolution than
is used for segmentation of the prostate and/or other organs
within the bounding box by the second CNN. For example,
a whole body 3D anatomical image having a first number of
voxels (e.g., 81x68x96 voxels) may be processed via the
first CNN to find the bounding box, then the second CNN
may process an image corresponding to the bounding box
region but having a more dense resolution, e.g., many more
voxels (e.g., 94x138x253 voxels) than the first number of
voxels.

The ‘bounding box’ approach of identifying one or more
portions of a 3D anatomical image that is/are relevant to the
analysis at hand, e.g., prior to applying a second CNN (for
detailed segmentation), improves computational efficiency
by removing a large portion of the initial 3D anatomical
image prior to the more computationally intensive subse-
quent processing. This approach is more computationally
efficient than performing the detailed segmentation on the
entire initial 3D anatomical image since, for example, iden-
tification of the pelvic region (e.g., the vertices of a cuboid
bounding box) is simpler than detailed segmentation of a
prostate, bladder, and/or other tissues of interest. Not only is
this approach more computationally efficient, it also may
result in more accurate subsequent processing, e.g., the more
detailed segmentation provided by the second CNN. This is
because, for example, 3D anatomical images obtained at
different medical institutions using different machines vary
in size (e.g., where varying size means there are different
numbers of voxels of the images, and/or different volumes
of the patient tissue represented in the images), and training
the second CNN for automated detailed segmentation of the
prostate using portions of 3D anatomical training images
having a more standardized image volume size, and within
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which the organs and other tissue regions of interest lie,
results in a more robust, accurate segmentation.

Another advance described herein that improves the per-
formance of the automated measurement of uptake metrics
in the prostate (or, more broadly, a particular organ or tissue
region of interest) via this multi-image approach (i.e., analy-
sis of a 3D anatomical image in combination with a 3D
functional image) is the accurate identification of one or
more tissue regions in addition to the prostate, and the
accounting for imaging agent uptake in those regions in the
determination of (i) uptake metrics in the prostate and/or (ii)
an identification and/or staging of prostate cancer. Certain
imaging agents comprising a PSMA binding agent have high
uptake in certain organs, which may affect the identification
of diseased tissue (e.g., prostate cancer). For example,
uptake of a radionuclide labelled PSMA binding agent by
the bladder may result in scattering in the 3D functional
image, and may reduce accuracy of the measured imaging
agent intensity in the prostate, which is located near the
bladder. By training a second CNN for detailed segmenta-
tion of both the prostate and the bladder of a subject, it is
possible to accurately, automatically account for a ‘bleed
through’ or ‘cross-talk’ effect and/or other effects caused by
uptake of the imaging agent by the bladder. Furthermore, by
training the second CNN for identification of a reference
region in the 3D anatomical image, e.g., the gluteal muscles,
it is possible to more accurately weight/normalize imaging
agent intensity measurements and improve the accuracy and
diagnostic value of the uptake measurements in the prostate
of the subject.

Thus, in certain embodiments, the systems and methods
described herein utilize a unique combination of two CNN
modules, wherein a first CNN module identifies an initial
volume of interest (VOI) within the CT image and a second
receives the VOI as input and identifies the prostate volume
therein. As described herein, this approach allows the second
CNN module to operate on a smaller input size (e.g., the
VOI as opposed to the full CT image). The savings in
computational resources (e.g., memory; e.g., processing
time) by reducing the input size in this manner can be
allocated to improving the accuracy of the second CNN
module and/or used to improve the speed of the image
processing approach.

In certain embodiments, the systems and methods
described herein identify, along with the prostate, various
additional tissue volumes within the CT image. For
example, additional tissue volumes corresponding to pelvic
bones, a bladder, a rectum, and gluteal muscles of the subject
may be identified in addition to the prostate. As described
herein, the identification of such additional tissue volumes
can be used for a variety of functions and confers advantages
over other approaches, such as a binary classification
approach wherein voxels of the CT image are either iden-
tified as corresponding to prostate or not. In particular,
identification of additional tissue volumes can, for example,
(1) improve the accuracy with which the CNN module
identifies the prostate volume within the CT image, (ii)
provide for identification of reference regions that can be
used to compute normalization values for uptake metric
calculation, and (iii) allow for intensities of SPECT image
voxels corresponding to prostate to be corrected for cross-
talk that results, for example, from the accumulation of
radiopharmaceutical within the bladder.

In certain embodiments, the image analysis approaches
described herein can be used for analysis of a variety of
anatomical and functional images and are not limited CT and
SPECT images. For example, positron emission tomography
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(PET) is another functional imaging modality that provides
information about the distribution of radiopharmaceutical
within a subject. As with SPECT images, PET images can be
used in combination with CT images to determine uptake
metrics for various organs and tissue regions of interest. The
approaches described herein may also be applied to a variety
of organs and/or tissue regions of interest, such as bone,
lymph nodes, liver, and lungs.

Accordingly, by providing for rapid and accurate identi-
fication of specific organs and tissue regions within medical
images, the systems and method described herein provide
for accurate and automated determination of uptake metrics
that provide quantitative measures of radiopharmaceutical
uptake within various organs and tissue regions within a
subject. Uptake metrics determined in this automated man-
ner provide valuable tools for assessing disease risk, state,
and progression within patients, as well as treatment effi-
cacy.

In one aspect, the invention is directed to a method for
automatically processing 3D images to identify 3D volumes
within the 3D images that correspond to a prostate of a
subject and determining one or more uptake metrics indica-
tive of radiopharmaceutical uptake therein (i.e., in the pros-
tate), the method comprising: (a) receiving, by a processor
of'a computing device, a 3D anatomical image of the subject
obtained using an anatomical imaging modality [e.g., X-ray
computed tomography (CT) (e.g., a whole-body CT image;
e.g., a partial body CT image); e.g., magnetic resonance
imaging (MRI); e.g., 3D ultra-sound], wherein the 3D
anatomical image comprises a graphical representation of
tissue (e.g., soft-tissue and/or bone) within a subject, at least
a portion of which corresponds to a pelvic region of the
subject; (b) receiving, by the processor, a 3D functional
image of the subject obtained using a functional imaging
modality [e.g., single-photon emission computed tomogra-
phy (SPECT); e.g., positron emission tomography (PET)],
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 repre-
sents detected radiation emitted from the particular physical
volume, wherein at least a portion of the plurality of voxels
of the 3D functional image represent physical volumes
within the pelvic region of the subject; (c) determining, by
the processor, using a first module (e.g., a first machine
learning module), an initial volume of interest (VOI) within
the 3D anatomical image (e.g., a parallelepiped, e.g., a
cuboid), the initial VOI corresponding to tissue within the
pelvic region of the subject and excluding tissue outside the
pelvic region of the subject (e.g., wherein the VOI excludes
more voxels of the 3D anatomical image than it includes;
e.g., wherein the VOI includes less than 25% of the voxels
of the 3D anatomical image; e.g., wherein a majority of
voxels within the VOI represent physical volumes within the
pelvic region of the subject); (d) identifying, by the proces-
sor, using a second module (e.g., a second machine learning
module), a prostate volume within the initial VOI corre-
sponding to the prostate of the subject; and (e) determining,
by the processor, (e.g., and displaying) the one or more
uptake metrics using the 3D functional image and the
prostate volume identified within the initial VOI of the 3D
anatomical image [e.g., computing a quantity of radiophar-
maceutical in the prostate of the subject based on intensity
values of voxels of the 3D functional image that correspond
to the prostate volume identified within the initial VOI of the
3D anatomical image; e.g., computing a sum (e.g., a
weighted sum), an average, and/or a maximum of intensities
of voxels of the 3D functional image representing a physical
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volume occupied by the prostate of the subject] [e.g.,
wherein the one or more uptake metrics comprises a tumor
to background ratio (TBR) value and/or wherein the method
comprises determining (e.g., and displaying) a prostate
cancer classification status of either (i) clinically significant
or (ii) clinically non-significant based at least in part on the
TBR value].

In certain embodiments, the first module receives the 3D
anatomical image as input and outputs a plurality of coor-
dinate values representing opposite corners of a rectangular
volume within the 3D anatomical image (e.g., two sets of
coordinate values that represent the opposite corners of the
rectangular volume).

In certain embodiments, step (c) comprises determining,
using the first module, a 3D pelvic bone mask that identifies
a volume of the 3D anatomical image corresponding to
pelvic bones (e.g., one or more (up to all) of a sacrum, a
coccyx, a left hip bone, and a right hip bone) of the subject.

In certain embodiments, the first module is a Convolu-
tional Neural Network (CNN) module (e.g., a Neural Net-
work module that utilizes one or more convolution layers).

In certain embodiments, step (d) comprises using the
second module to identify one or more additional tissue
volumes within the 3D anatomical image, each volume
corresponding to a specific tissue region within the subject,
wherein the one or more additional tissue volumes corre-
spond(s) to one or more specific tissue regions selected from
the group consisting of: a pelvic bone (e.g., a sacrum; e.g.,
a coccyx; e.g., a left hip bone; e.g., a right hip bone) of the
subject; a bladder of the subject; a rectum of the subject; and
a gluteal muscle (e.g., a left gluteal muscle; e.g., a right
gluteal muscle) of the subject.

In certain embodiments, step (d) comprises using the
second module to classify each voxel within the initial VOI
as corresponding a particular tissue region of a set of
(predetermined) different tissue regions {e.g., the set com-
prising the prostate and, optionally, one or more additional
tissue regions [e.g., a pelvic bone (e.g., a sacrum; e.g., a
coceyx; e.g., a left hip bone; e.g., a right hip bone) of the
subject; a bladder of the subject; a rectum of the subject; and
a gluteal muscle (e.g., a left gluteal muscle; e.g., a right
gluteal muscle]} within the subject. In certain embodiments,
classifying each voxel within the initial VOI comprises:
determining, via the second module, for each of a plurality
of voxels within the initial VOI, a set of likelihood values,
wherein the set of likelihood values comprises, for each of
one or more tissue regions of the tissue region set, a
corresponding likelihood value that represents a likelihood
(e.g., as computed by the second module) that the voxel
represents a physical volume within the tissue region; and
for each of the plurality of voxels within the initial VOI,
classifying the voxel as corresponding to the particular
tissue region based on the set of likelihood values deter-
mined for the voxel. In certain embodiments, the second
module receives as input the initial VOI (e.g., the entire
initial VOI) and outputs a plurality of values comprising, for
each voxel within the initial VOI, at least one of (i), (ii), and
(iii) as follows: (i) a value classifying the voxel [e.g.,
classifying the voxel as corresponding to a specific tissue
region, e.g., a region selected from a predetermined set of
different tissue regions, e.g., the prostate of the subject; e.g.,
a pelvic bone (e.g., a sacrum; e.g., a coccyx; e.g., a left hip
bone; e.g., a right hip bone) of the subject; a bladder of the
subject; a rectum of the subject; and a gluteal muscle (e.g.,
a left gluteal muscle; e.g., a right gluteal muscle) of the
subject]; (ii) a set of likelihood values for the voxel [e.g., a
likelihood the voxel corresponds to a specific tissue region,
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e.g., a region selected from a predetermined set of different
tissue regions, e.g., the prostate of the subject; e.g., a pelvic
bone (e.g., a sacrum; e.g., a COCCYX; e.g., a left hip bone; e.g.,
a right hip bone) of the subject; a bladder of the subject; a
rectum of the subject; and a gluteal muscle (e.g., a left
gluteal muscle; e.g., a right gluteal muscle) of the subject];
and (iii) a value identifying the voxel as not corresponding
to (e.g., or as likely not corresponding to, or identifying a
likelihood the voxel does not correspond to) any of a
predetermined set of different tissue regions (e.g., identify-
ing the voxel as corresponding to or as likely corresponding
to, or a likelihood the voxel corresponds to, a background
area, e.g., that is not of diagnostic interest) (e.g., such that
the second module classifies and/or computes likelihood
values for the entire VOI in one round, as opposed to
operating on each voxel one at a time). In certain embodi-
ments, the (predetermined) set of different tissue regions
comprises one or more tissue regions selected from the
group consisting of: the prostate of the subject; a pelvic bone
(e.g., a sacrum; e.g., a coccyx; e.g., a left hip bone; e.g., a
right hip bone) of the subject; a bladder of the subject; a
rectum of the subject; and a gluteal muscle (e.g., a left
gluteal muscle; e.g., a right gluteal muscle) of the subject.

In certain embodiments, step (d) comprises using the
second module to identify a set of one or more base tissue
volumes, the one or more base tissue volumes comprising
the identified prostate volume and the one or more additional
tissue volumes, and wherein the method further comprises:
identifying, by the processor, using one or more auxiliary
modules (e.g., auxiliary machine learning modules), one or
more auxiliary tissue volumes within the 3D anatomical
image, each auxiliary tissue volume corresponding [e.g.,
representing a same specific tissue region [e.g., the prostate
of the subject; e.g., a pelvic bone (e.g., a sacrum; e.g., a
coccyX; e.g., a left hip bone; e.g., a right hip bone) of the
subject; a bladder of the subject; a rectum of the subject; and
a gluteal muscle (e.g., a left gluteal muscle; e.g., a right
gluteal muscle) of the subject] to a base tissue volume
identified by the second module; and merging, by the
processor, each auxiliary tissue volume with the correspond-
ing base tissue volume identified by the second module (e.g.,
adding to the corresponding base tissue volume by incor-
porating portions of the corresponding auxiliary tissue vol-
ume not included in the original base tissue volume).

In certain embodiments, the method comprises: identify-
ing, by the processor, (e.g., using the second module) a
reference volume within the 3D anatomical image (e.g.,
within the initial VOI), the reference volume corresponding
to a reference tissue region within the subject (e.g., a gluteal
muscle); and at step (e), determining at least one of the one
or more uptake metrics using the 3D functional image and
the reference volume identified within the 3D anatomical
image (e.g., computing a normalization value based on
intensity values of voxels of the 3D functional image that
correspond to the reference volume identified within the 3D
anatomical image). In certain embodiments, the at least one
of the one or more uptake metrics determined using the 3D
functional image and the reference volume comprises a
tumor to background ratio (TBR) value, wherein determin-
ing the TBR value comprises: determining a target intensity
value using intensity values of one or more voxels of the 3D
functional image that correspond to the prostate volume
identified within the initial VOI of the 3D anatomical image
(e.g., wherein the target intensity value is a maximum of
intensities of the voxels of the 3D functional image that
correspond to the prostate volume); determining a back-
ground intensity value using intensity values of one or more
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voxels of the 3D functional image that correspond to the
reference volume identified within the 3D anatomical image
[e.g., wherein the background intensity value is an average
intensity of a plurality (e.g., all) of the voxels of the 3D
functional image that correspond to the identified reference
volume; and determining, as the TBR value, a ratio of the
target intensity value to the background intensity value. In
certain embodiments, the method comprises determining a
prostate cancer status for the subject based on the TBR value
in comparison with one or more threshold values (e.g.,
predetermined threshold values). In certain embodiments,
the one or more threshold values are determined using a
plurality of reference TBR values [e.g., each reference TBR
value having been determined from a corresponding set of
reference images (e.g., a reference 3D anatomical image and
a reference 3D functional image; e.g., a CI/SPECT image
set)], each reference TBR value associated with a particular
classification prostate cancer status (e.g., assigned by a
medical practitioner)[e.g., a Gleason grade having been
determined (e.g., based on histopathology from a radical
prostatectomy) for a same subject for which the reference
TBR value was determined]. In certain embodiments, the
one or more threshold values are determined using a receiver
operating characteristic (ROC) curve [e.g., using area under
the curve (AUC) analysis; e.g., to provide a specific sensi-
tivity value and/or a specific specificity value]. In certain
embodiments, the method comprises determining the pros-
tate cancer status for the subject to be (i) clinically signifi-
cant if the TBR value is above a cutoff threshold or (ii)
clinically non-significant if the TBR value is below the
cutoff threshold.

In certain embodiments, the method comprises identify-
ing, by the processor, (e.g., using the second module) a
bladder volume within the 3D anatomical image (e.g.,
within the initial VOI) corresponding to a bladder of the
subject; and at step (e), correcting for cross-talk from the
bladder (e.g., scattering and/or partial volume -effects
through which radiopharmaceutical uptake in the bladder
influences intensity values of voxels of the 3D functional
image that represent physical volumes within the prostate)
using intensities of voxels of the 3D functional image
corresponding to the identified bladder volume within the
3D anatomical image [e.g., by adjusting intensities of voxels
of the 3D functional image that correspond to the prostate
volume based on their proximity to the identified bladder
volume and/or a bladder uptake (e.g., determined based on
intensities of voxels of the 3D functional image that corre-
spond to the bladder volume); e.g., by using intensities of
voxels of the 3D functional image to establish a model of
radiation scattering from the bladder and adjusting intensi-
ties of voxels of the 3D functional image based on the
model]. In certain embodiments, correcting for cross-talk
from the bladder comprises: determining one or more blad-
der intensity bleed functions that model a contribution of
intensity originating from radiopharmaceutical within the
bladder of the subject to intensity of one or more voxels of
the 3D functional image corresponding to one or more
regions of the 3D anatomical image that are outside of the
identified bladder volume, wherein the one or more bladder
intensity bleed functions model said contribution as a func-
tion of distance from the identified bladder volume [e.g.,
wherein each of the one or more bladder intensity bleed
functions models intensity bleed along a particular direction
and is obtained by fitting a template function (e.g., an n-th
degree polynomial) to intensities of voxels of the 3D func-
tional image corresponding to the identified bladder volume
within the 3D anatomical image and lying along the par-
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ticular direction]; and for each of one or more voxels of the
3D functional image corresponding to the identified prostate
volume within the 3D anatomical image, adjusting an inten-
sity of the voxel for bladder cross-talk using the one or more
bladder intensity bleed functions [e.g., by evaluating the one
or more bladder intensity bleed functions to determine a
bladder intensity bleed value for the voxel and subtracting
the bladder intensity bleed value from the intensity of the
voxel to obtain a corrected voxel intensity].

In certain embodiments, the method comprises: identify-
ing, by the processor, (e.g., using the second module) a
bladder volume within the 3D anatomical image (e.g.,
within the initial VOI) corresponding to a bladder of the
subject; determining, by the processor, a dilated bladder
volume by applying a morphological dilation operation to
the identified bladder volume; and at step (e), determining
the one or more uptake metrics using intensity values of
voxels of the 3D functional image that (i) correspond to the
prostate volume identified within the VOI of the 3D ana-
tomical image, but (ii) do not correspond to regions of the
3D anatomical image within the dilated bladder volume
(e.g., thereby omitting from the computation of the one or
more uptake metrics those voxels of the 3D functional image
that correspond to locations in the 3D anatomical image
within a predefined distance from the identified bladder
volume; e.g., and, accordingly, are excessively close to the
identified bladder volume).

In certain embodiments, the 3D functional image is a
nuclear medicine image (e.g., a single-photon emission
computerized tomography (SPECT) scan; e.g., an positron
emission tomography (PET) scan) of the subject following
administration to the subject of the radiopharmaceutical. In
certain embodiments, the radiopharmaceutical comprises a
PSMA binding agent (e.g., °“"Tc-MIP-1404; e.g., [**F]
DCFPyL). In certain embodiments, the nuclear medicine
image is a single-photon emission computerized tomogra-
phy (SPECT) scan of the subject obtained following admin-
istration to the subject of the radiopharmaceutical. In certain
embodiments, the radiopharmaceutical comprises *°"Tc-
MP-1404.

In certain embodiments, the method comprises determin-
ing, based on at least a portion of the one or more uptake
metrics, one or more diagnostic or prognostic values [e.g., a
value that provides a measure of disease state, progression,
life expectancy (e.g., overall survival), treatment efficacy,
and the like for the subject (e.g., Gleason score)] for the
subject. In certain embodiments, determining at least one of
the one or more diagnostic or prognostic values comprises
comparing an uptake metric to one or more threshold
value(s). In certain embodiments, at least one of the one or
more diagnostic or prognostic values estimates a risk for
clinically significant prostate cancer in the subject.

In certain embodiments, the method comprises: (f) caus-
ing, by the processor, display of an interactive graphical user
interface (GUI) for presentation to the user of a visual
representation of the 3D anatomical image and/or the 3D
functional image; and (g) causing, by the processor, graphi-
cal rendering of, within the GUI, the 3D anatomical image
and/or the 3D functional image as selectable and superim-
posable layers, such that either can be selected for display
(e.g., via a corresponding user-selectable graphical control
element (e.g., a toggle element)) and rendered separately, or
both selected for display and rendered together by overlay-
ing the 3D anatomical image with the 3D functional image.
In certain embodiments, step (g) comprises causing graphi-
cal rendering of a selectable and superimposable segmen-
tation layer comprising one or more identified specific tissue
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volumes within the 3D anatomical image, wherein upon
selection of the segmentation layer for display, graphics
representing the one or more specific tissue volumes are
overlaid on the 3D anatomical image and/or the 3D func-
tional image (e.g., as outlines; e.g., as semi-transparent
color-coded volumes). In certain embodiments, the one or
more specific tissue volumes comprise(s) the identified
prostate volume. In certain embodiments, the method com-
prises, at step (g), causing rendering of a 2D cross sectional

12

directly or indirectly, e.g., through selection of voxels of the
3D anatomical image and subsequent determination of cor-
responding voxels of the 3D functional image) for use in
determining updated values of the one or more uptake
metrics; receiving, via the voxel selection graphical element,
the user selection of one or more voxels of the 3D functional
image for use in determining updated values of the one or
more uptake metrics [e.g., wherein the user selection is one
or more corrected background intensity measurement loca-

view of the 3D anatomical image and/or the 3D functional 10 tion(s) and/or one or more corrected prostate intensity
image within an interactive 2D viewer, such that a position location(s), e.g., where a user overrides automated identifi-
of the 2D cross sectional view is adjustable by the user. In cation of a location of the prostate and/or where the user
certain embodiments, the method comprises, at step (g), overrides automated identification of a location of a back-
causing rendering of an interactive (e.g., rotatable; e.g., ground area, e.g., gluteal muscle]; updating, by the proces-
sliceable) 3D view of the 3D anatomical image and/or the 15 sor, values of the one or more uptake metrics using the user
3D functional image. In certain embodiments, the method selected voxels; and generating, by the processor, a report
comprises causing display of, within the GUI, a graphical for the subject comprising a representation (e.g., text) of the
element (e.g., a cross-hair, a target, a colored marker, etc.) one or more updated uptake metrics [e.g., the report com-
indicating a location corresponding to a voxel of the iden- prising: an identification of the subject (e.g., an anonymized
tified prostate volume (e.g., said location also corresponding 20 patient ID number); a representation (e.g., text) of the one or
to a voxel of the 3D functional image having a maximal more determined uptake metrics (e.g., and any prognostic
intensity, e.g., a maximal corrected intensity, in comparison values determined therefrom); and a representation (e.g.,
with other voxels of the 3D functional image corresponding graphics and/or text) of the user approval of the determina-
to the identified prostate volume), thereby facilitating user tion of the one or more uptake metrics (e.g., and any
review and/or quality control of the method (e.g., allowing 25 prognostic values determined therefrom) using the user
a medical practitioner to verify the identified location cor- selected voxels (e.g., text indicating that the uptake metrics
responds to an expected physical location of the prostate of were determined via semi-automated analysis, with manual
the subject). In certain embodiments, the method comprises selection of voxels from the user)].
causing display of, within the GUI, text and/or graphics In certain embodiments, the method comprises: receiving,
representing the one or more uptake metrics determined in 30 via the quality control graphical widget, a user input corre-
step (e) (e.g., and, optionally, one or more prognostic values sponding to disapproval of automated determination of the
determined therefrom) along with a quality control graphical one or more uptake metrics (e.g., and any prognostic values
widget for guiding the user through a quality control and determined therefrom); receiving, via the quality control
reporting workflow for review and/or updating of the one or graphical widget, a user input corresponding to a rejection of
more uptake metrics (e.g., wherein the quality control 35 quality control (e.g., due to low image quality); and gener-
graphical widget comprises a selectable graphical control ating, by the processor, a report for the subject, wherein the
element for receipt of a user input corresponding to (i) report comprises an identification of the rejection of quality
approval of the one or more uptake metrics as determined, control.
automatically, by the processor or (ii) disapproval of the In certain embodiments, voxels of the 3D functional
automated determination of the one or more uptake metrics). 40 image are related to voxels of the 3D anatomical image via
In certain embodiments, the method comprises: receiving, a known relationship [e.g., each voxel of the 3D functional
via the quality control graphical widget, a user input corre- image is associated with one or more voxels of the 3D
sponding to an approval of automated determination of the anatomical image; e.g., each of a plurality of sets of one or
one or more uptake metrics (e.g., and any prognostic values more voxels of the 3D functional image is associated with a
determined therefrom); and responsive to the receipt of the 45 set of one or more voxels of the 3D anatomical image; e.g.,
user input corresponding to the approval of the automated coordinates associated with voxels of the 3D functional
determination of the one or more uptake metrics, generating, image are related to coordinates associated with voxels of
by the processor, a report for the subject comprising a the anatomical 3D image via a known functional relation-
representation of the one or more automatically determined ship (e.g., via a known spatial relationship between the first
uptake metrics [e.g., the report comprising: an identification 50 and second imaging modalities)].
of the subject (e.g., an anonymized patient ID number); a In certain embodiments, the first module is a first CNN
representation (e.g., text) of the one or more determined (convolutional neural network) module and the second mod-
uptake metrics (e.g., and any prognostic values determined ule is a second CNN module, wherein the second CNN
therefrom); and a representation (e.g., graphics and/or text) module comprises a greater number of convolutional filters
of the user approval the automated determination of the one 55 than the first CNN module (e.g., at least 1.5 times as many,
or more uptake metrics (e.g., and any prognostic values e.g., at least twice as many, e.g., approximately twice as
determined therefrom)]. many, e.g., at least three times as many, e.g., approximately
In certain embodiments, the method comprises: receiving, three times as many).
via the quality control graphical widget, a user input corre- In certain embodiments, the method comprises perform-
sponding to disapproval of automated determination of the 60 ing steps (a) and (c) for each of a plurality of 3D anatomical
one or more uptake metrics (e.g., and any prognostic values images to determine a plurality of initial VOIs, each within
determined therefrom); responsive to receipt of the user one of the plurality of 3D anatomical images, wherein a
input corresponding to the disapproval of the automated variability in sizes of the initial VOIs is less than (e.g.,
determination of the one or more uptake metrics, causing, by substantially less than) a variability in sizes of the 3D
the processor, display of a voxel selection graphical element 65 anatomical images (e.g., wherein variability in “sizes”

(e.g., a cursor; e.g., an adjustable cross-hair) for user selec-
tion of one or more voxels of the 3D functional image (e.g.,

means either or both of (i) and (ii) as follows: (i) variability
in one or more dimensions of the anatomical volume rep-
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resented in the image, e.g., as measured in mm, and (ii)
variability in the number of voxels in the image along each
of one or more dimensions of the image) (e.g., wherein the
sizes of the 3D anatomical images (each full image from
which each VOI is determined) vary by at least 200 mm,
and/or by at least 300 mm, and/or by at least 400 mm, and/or
by at least 500 mm, and/or by as much as 400 mm, and/or
by as much as 500 mm, and/or by as much as 1000 mm,
and/or by as much as 1500 mm) along each of one or more
dimensions; e.g., wherein the sizes of the 3D anatomical
images (each full image from which each VOI is deter-
mined) vary by at least 25 voxels, and/or by at least 50
voxels, and/or by at least 100 voxels, and/or by at least 250
voxels, and/or by at least 300 voxels, and/or by as much as
250 voxels, and/or by as much as 300 voxels, and/or by as
much as 500 voxels) along each of one or more dimensions;
e.g., wherein the sizes of the VOIs vary by less than or equal
to 200 mm (e.g., less than or equal to 100 mm; e.g., less than
or equal to 50 mm) along each of one or more dimensions;
e.g. wherein the sizes of the VOIs vary by less than or equal
to 250 voxels (e.g., less than or equal to 200 voxels; e.g., less
than or equal to 150 voxels) along each of one or more
dimensions].

In another aspect, the invention is directed to a method for
automatically processing 3D images to identify 3D volumes
within the 3D images that correspond to a target tissue
region within a subject and determining one or more uptake
metrics indicative of radiopharmaceutical uptake therein, the
method comprising: (a) receiving, by a processor of a
computing device, a 3D anatomical image of the subject
obtained using an anatomical imaging modality [e.g., X-ray
computed tomography (CT); e.g., magnetic resonance imag-
ing (MRI); e.g., ultra-sound], wherein the 3D anatomical
image comprises a graphical representation of tissue (e.g.,
soft-tissue and/or bone) within a pelvic region of the subject;
(b) 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)], 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 the
pelvic region of the subject; (¢) determining, by the proces-
sor, using a first module (e.g., a first machine learning
module), an initial volume of interest (VOI) within the 3D
anatomical image (e.g., a rectangular prism), the initial VOI
corresponding to an anatomical sub-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) comprising the target
region (e.g., wherein the VOI excludes more voxels of the
3D anatomical image than it includes; e.g., wherein the VOI
includes less than 25% of the voxels of the 3D anatomical
image; e.g., wherein a majority of voxels within the VOI
represent physical volumes within the anatomical sub-re-
gion); (d) identifying, by the processor, using a second
module (e.g., a second machine learning module), a target
volume within the initial VOI corresponding to the target
tissue region of the subject; and (e) determining, by the
processor, the one or more uptake metrics using the 3D
functional image and the target volume identified within the
VOI of the 3D anatomical image [e.g., computing a quantity
of radiopharmaceutical in the target tissue region of the
subject based on intensity values of voxels of the 3D
functional image that correspond to the target volume iden-

20

25

40

45

60

65

14

tified within the VOI of the 3D anatomical image; e.g.,
computing a sum (e.g., a weighted sum), an average, and/or
a maximum of intensities of voxels of the 3D functional
image representing a physical volume occupied by the target
tissue region of the subject].

In certain embodiments, the method has one or more of
the features articulated in paragraphs above.

In another aspect, the invention is directed to a method of
automatically analyzing a 3D functional image [e.g., a
nuclear medicine image (e.g., a SPECT image; e.g., a PET
image)] to correct prostate voxel intensities for cross-talk
from radiopharmaceutical uptake into a bladder, the method
comprising: (a) receiving, by a processor of a computing
device, a 3D anatomical image of the subject obtained using
an anatomical imaging modality [e.g., x-ray computed
tomography (CT); e.g., magnetic resonance imaging (MRI);
e.g., 3D ultra-sound], wherein the 3D anatomical image
comprises a graphical representation of tissue (e.g., soft-
tissue and/or bone) within a subject, at least a portion of
which corresponds to a bladder and a prostate of the subject;
(b) receiving, by the processor, the 3D functional image of
the subject, 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 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 the bladder and/or the prostate of the sub-
ject; (c) automatically identifying, by the processor, within
the 3D anatomical image: (i) a prostate volume correspond-
ing to a prostate of the subject and (ii) a bladder volume
corresponding to a bladder of the subject; (d) automatically
identifying, by the processor, within the 3D functional
image, (i) a plurality of prostate voxels corresponding to the
identified prostate volume and (ii) a plurality of bladder
voxels corresponding to the identified bladder volume; (e)
adjusting, by the processor, one or more measured intensities
of the prostate voxels (e.g., one or more cumulative mea-
surements and/or peak measurements and/or mean measure-
ments and/or median measurements of intensity correspond-
ing to the identified prostate volume and/or corresponding to
each of, and/or cumulatively of, a plurality of regions of the
identified prostate volume) based on one or more measured
intensities of the bladder voxels (e.g., one or more cumula-
tive measurements and/or peak measurements and/or mean
measurements and/or median measurements of intensity
corresponding to the identified bladder volume and/or cor-
responding to each of, and/or cumulatively of, a plurality of
regions of the identified bladder volume); and (f) determin-
ing, by the processor, one or more uptake metrics indicative
of radiopharmaceutical uptake within the prostate of the
subject using the adjusted intensities of the prostate voxels.

In certain embodiments, the method has one or more of
the features articulated in the paragraphs above.

In another aspect, the invention is directed to a method of
detecting a prostate cancer status, and/or quantifying a
prostate cancer risk, of a subject based on automated analy-
sis of a 3D functional image (e.g., a SPECT image) of a
portion of the subject, the method comprising: (a) acquiring,
following administration to the subject of a radiopharma-
ceutical comprising a PSMA binding agent, the 3D func-
tional image (e.g., a SPECT image); (b) identifying, by a
processor of a computing device, a 3D target volume within
the 3D functional image, the 3D target volume correspond-
ing to a prostate of the subject; (c¢) determining, by the
processor, using intensities of voxels of the 3D target
volume, a target to background ratio (TBR) value; and (d)
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causing, by the processor, graphical rendering of text and/or
graphics representing the determined TBR value for display
within an interactive graphical user interface (GUI) [e.g.,
wherein the method comprises determining (e.g., and dis-
playing) a prostate cancer classification status of either (i)
clinically significant or (ii) clinically non-significant based
at least in part on the TBR value].

In certain embodiments, the method has one or more of
the features articulated in the paragraphs above.

In another aspect, the invention is directed to a system for
automatically processing 3D images to identify 3D volumes
within the 3D images that correspond to a prostate of a
subject and determining one or more uptake metrics indica-
tive of radiopharmaceutical uptake therein (i.e., in the pros-
tate), the system comprising: a processor; and a memory
(e.g., external to or embedded in the processor) having
instructions stored thereon, wherein the instructions, when
executed by the processor, cause the processor to: (a) receive
a 3D anatomical image of the subject obtained using an
anatomical imaging modality [e.g., X-ray computed tomog-
raphy (CT) (e.g., a whole-body CT image; e.g., a partial
body CT image); e.g., magnetic resonance imaging (MRI);
e.g., 3D ultra-sound], wherein the 3D anatomical image
comprises a graphical representation of tissue (e.g., soft-
tissue and/or bone) within a subject, at least a portion of
which corresponds to a pelvic region of the subject; (b)
receive 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)], wherein the 3D functional image com-
prises a plurality of voxels, each representing a particular
physical volume within the subject and having an intensity
value that represents detected radiation emitted from the
particular physical volume, wherein at least a portion of the
plurality of voxels of the 3D functional image represent
physical volumes within the pelvic region of the subject; (c)
determine, using a first module (e.g., a first machine learning
module), an initial volume of interest (VOI) within the 3D
anatomical image (e.g., a parallelepiped, e.g., a cuboid), the
initial VOI corresponding to tissue within the pelvic region
of the subject and excluding tissue outside the pelvic region
of the subject (e.g., wherein the VOI excludes more voxels
of the 3D anatomical image than it includes; e.g., wherein
the VOI includes less than 25% of the voxels of the 3D
anatomical image; e.g., wherein a majority of voxels within
the VOI represent physical volumes within the pelvic region
of the subject); (d) identify, using a second module (e.g., a
second machine learning module), a prostate volume within
the initial VOI corresponding to the prostate of the subject;
and (e) determine (e.g., and display) the one or more uptake
metrics using the 3D functional image and the prostate
volume identified within the initial VOI of the 3D anatomi-
cal image [e.g., compute a quantity of radiopharmaceutical
in the prostate of the subject based on intensity values of
voxels of the 3D functional image that correspond to the
prostate volume identified within the initial VOI of the 3D
anatomical image; e.g., compute a sum (e.g., a weighted
sum) and/or an average and/or a maximum of intensities of
voxels of the 3D functional image representing a physical
volume occupied by the prostate of the subject] [e.g.,
wherein the one or more uptake metrics comprises a tumor
to background ratio (TBR) value, and wherein the instruc-
tions, when executed by the processor, cause the processor
to determine (e.g., and display) a prostate cancer classifica-
tion status of either (i) clinically significant or (ii) clinically
non-significant based at least in part on the TBR value].
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In certain embodiments, the system has one or more of the
features articulated in the paragraphs above.

In another aspect, the invention is directed to a system for
automatically processing 3D images to identify 3D volumes
within the 3D images that correspond to a target tissue
region within a subject and determining one or more uptake
metrics indicative of radiopharmaceutical uptake therein
(i.e., in the target tissue region), the system comprising: a
processor; and a memory (e.g., external to or embedded in
the processor) having instructions stored thereon, wherein
the instructions, when executed by the processor, cause the
processor to: (a) receive a 3D anatomical image of the
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 a pelvic region of
the subject; (b) 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)], wherein the 3D func-
tional 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 the
pelvic region of the subject; (c) determine, using a first
module (e.g., a first machine learning module), an initial
volume of interest (VOI) within the 3D anatomical image
(e.g., a rectangular prism), the initial VOI corresponding to
an anatomical sub-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) comprising the target region (e.g.,
wherein the VOI excludes more voxels of the 3D anatomical
image than it includes; e.g., wherein the VOI includes less
than 25% of the voxels of the 3D anatomical image; e.g.,
wherein a majority of voxels within the VOI represent
physical volumes within the anatomical sub-region); (d)
identify, using a second module (e.g., a second machine
learning module), a target volume within the initial VOI
corresponding to the target tissue region of the subject; and
(e) determine the one or more uptake metrics using the 3D
functional image and the target volume identified within the
VOI of the 3D anatomical image [e.g., compute a quantity
of radiopharmaceutical in the target tissue region of the
subject based on intensity values of voxels of the 3D
functional image that correspond to the target volume iden-
tified within the VOI of the 3D anatomical image; e.g.,
compute a sum (e.g., a weighted sum), and/or an average,
and/or a maximum of intensities of voxels of the 3D
functional image representing a physical volume occupied
by the target tissue region of the subject] [e.g., wherein the
one or more uptake metrics comprises a tumor to back-
ground ratio (TBR) value, and wherein the instructions,
when executed by the processor, cause the processor to
determine (e.g., and display) a cancer classification status of
either (i) clinically significant or (ii) clinically non-signifi-
cant based at least in part on the TBR value].

In certain embodiments, the system has one or more of the
features articulated in the paragraphs above .

In another aspect, the invention is directed to a system for
detecting a prostate cancer status, and/or quantifying a
prostate cancer risk, of a subject based on automated analy-
sis of a 3D functional image (e.g., a SPECT image) of a
portion of the subject, the system comprising: a processor;
and a memory (e.g., external to or embedded in the proces-
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sor) having instructions stored thereon, wherein the instruc-
tions, when executed by the processor, cause the processor
to: (a) receive the 3D functional image (e.g., a SPECT
image) of the portion (e.g., any or all) of the subject
following administration to the subject of a radiopharma-
ceutical comprising a PSMA binding agent; (b) identify a 3D
target volume within the 3D functional image, the 3D target
volume corresponding to a prostate of the subject; (c)
determine, using intensities of voxels of the 3D target
volume, a target to background ratio (TBR) value; and (d)
cause graphical rendering of text and/or graphics represent-
ing the determined TBR value for display within an inter-
active graphical user interface (GUI) [e.g., wherein the
instructions, when executed by the processor, cause the
processor to determine (e.g., and display) a prostate cancer
classification status of either (i) clinically significant or (ii)
clinically non-significant based at least in part on the TBR
value].

In certain embodiments, the system has one or more of the
features articulated in the paragraphs above.

In certain embodiments, the invention is directed to a
computer-aided detection (CADe) device comprising any of
the systems described herein. In certain embodiments, the
instructions cause the processor to identify a classification of
either clinically significant prostate cancer or clinically
non-significant prostate cancer for the subject.

In certain embodiments, the invention is directed to a
computer-aided diagnostic (CADXx) device comprising any
of the systems described herein. In certain embodiments, the
instructions cause the processor to identify a classification of
either clinically significant prostate cancer or clinically
non-significant prostate cancer for the subject.

In certain embodiments, the invention is directed to a
combination product comprising: (a) a radiolabeled PSMA
binding agent (e.g., *°"Tc-MIP-1404; e.g., ['*F]DCFPyL,
e.g., other known PSMA binding agent); and (b) a computer-
aided detection (CADe) device comprising any of the sys-
tems described herein. In certain embodiments, the combi-
nation product comprises a label specifying usage of the
radiolabeled PSMA binding agent with the computer aided
detection device.

Features of embodiments described with respect to one
aspect of the invention may be applied with respect to
another aspect of the invention.

BRIEF DESCRIPTION OF THE FIGURES

The patent or application file contains at least one drawing
executed in color. Copies of this patent or patent application
publication with color drawing(s) will be provided by the
Office upon request and payment of the necessary fee.

The foregoing and other objects, aspects, features, and
advantages of the present disclosure will become more
apparent and better understood by referring to the following
description taken in conjunction with the accompanying
drawings, in which:

FIG. 1 is a block diagram showing a process for auto-
matically identifying 3D volumes within 3D images that
correspond to a prostate of a subject and determining uptake
metrics indicative of radiopharmaceutical uptake therein,
according to an illustrative embodiment.

FIG. 2A is an image showing 3D view of a CT image
comprising a graphical representation of soft-tissue, accord-
ing to an illustrative embodiment.

FIG. 2B is an image showing a 3D view of a CT image
comprising a graphical representation of bone, according to
an illustrative embodiment.

20

25

40

45

60

65

18

FIG. 2C is an image showing a 3D view of a CT image
comprising a graphical representation of bone overlaid with
a SPECT image and graphics representing an identified
tissue volume corresponding to a prostate organ within
pelvic bones of a subject, according to an illustrative
embodiment.

FIG. 2D is an image showing 3D view of a CT image
comprising a graphical representation of bone overlaid with
a SPECT image and graphics representing an identified
tissue volume corresponding to a prostate organ within
pelvic bones of a subject, according to an illustrative
embodiment.

FIG. 2E is an image showing a 3D view of a CT image
comprising a graphical representation of bone overlaid with
a SPECT image, according to an illustrative embodiment.

FIG. 3A is a set of images, each image showing a 2D
cross-sectional view of a 3D CT image overlaid with graph-
ics representing an identified initial volume of interest (VOI)
within the 3D CT image, according to an illustrative
embodiment.

FIG. 3B is a set images, each image showing a 2D
cross-sectional view of a 3D CT image overlaid with graph-
ics representing an identified initial volume of interest (VOI)
within the 3D CT image, according to an illustrative
embodiment.

FIG. 4A is a set of images showing 2D cross sectional
views of a CT image of a subject and a cuboidal region
identified as an initial volume of interest within the CT
image, according to an illustrative embodiment.

FIG. 4B is a set of images showing 2D cross sectional
views of a CT image of a subject along with identified tissue
volumes corresponding to pelvic bones and a prostate of the
subject.

FIG. 5A is a set of images showing 2D cross sectional
views of a CT image of a subject and a cuboidal region
identified as an initial volume of interest within the CT
image, according to an illustrative embodiment.

FIG. 5B is a set of images showing 2D cross sectional
views of a CT image of a subject along with identified tissue
volumes corresponding to pelvic bones and a prostate of the
subject.

FIG. 6A is a set of images showing 2D cross sectional
views of a CT image of a subject and a cuboidal region
identified as an initial volume of interest within the CT
image, according to an illustrative embodiment.

FIG. 6B is a set of images, each image showing a 2D
cross-sectional view of a 3D CT image overlaid with graph-
ics representing an identified initial volume of interest (VOI)
within the 3D CT image, according to an illustrative
embodiment.

FIG. 6C is a set of images, each image showing a 2D
cross-sectional view of a 3D CT image overlaid with graph-
ics representing an identified initial volume of interest (VOI)
within the 3D CT image, according to an illustrative
embodiment.

FIGS. 7A-7E present a block diagram of a CNN module
architecture (localization network) for identifying a volume
of interest (e.g., VOI) corresponding to a pelvic region
within a CT image of a subject (wherein the VOI is subse-
quently processed by a second CNN module for more
detailed segmentation/identification of the prostate and/or
other tissues within the pelvic region), according to an
illustrative embodiment.

FIGS. 7F-7] present a block diagram of a CNN module
architecture (segmentation network) for processing the pre-
viously-identified VOI for precise segmentation of the pros-
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tate and/or other tissues within the pelvic region, according
to an illustrative embodiment.

FIG. 8A is a set images, each showing a 2D cross-
sectional view of a 3D CT image overlaid with graphics
representing identified tissue volumes corresponding to
three different pelvic bones (left and right hip bones and the
sacrum), according to an illustrative embodiment.

FIG. 8B is an image showing a 3D view of a 3D CT image
overlaid with graphics representing identified tissue vol-
umes corresponding to three different pelvic bones (left and
right hip bones and the sacrum), according to an illustrative
embodiment.

FIG. 9A is an image showing a 2D cross-sectional view
of a 3D CT image overlaid with graphics representing
identified tissue volumes corresponding to pelvic bones (left
and right hip bones) and a prostate of a subject, according to
an illustrative embodiment.

FIG. 9B is a set of images showing different 2D cross
sectional views of a 3D CT image overlaid with graphics
representing identified tissue volumes corresponding to pel-
vic bones, gluteal muscles, a rectum, a prostate, and a
bladder of a subject, according to an illustrative embodi-
ment.

FIG. 10 is an image showing a 2D cross sectional view of
a low quality 3D CT image overlaid with graphics repre-
senting identified tissue volumes corresponding to pelvic
bones and a prostate of a subject, according to an illustrative
embodiment.

FIG. 11 is a schematic showing an example architecture
wherein image segmentation for identification of a prostate
volume as described herein is performed by a dedicated
module, according to an illustrative embodiment.

FIG. 12 is a block flow diagram showing an example
architecture of modules for performing CNN-based image
segmentation, according to an illustrative embodiment.

FIG. 13 is a block flow diagram showing a structure of a
CNN, according to an illustrative embodiment.

FIG. 14 is a block flow diagram showing a structure of a
CNN that performs auxiliary predictions, according to an
illustrative embodiment.

FIG. 15 is a schematic illustrating cross-talk between a
bladder and a prostate of a subject, according to an illustra-
tive embodiment.

FIG. 16A is a screenshot of a graphical user interface
(GUI) for reviewing patient image data showing a window
for selecting subjects for whom to analyze and/or review
data, according to an illustrative embodiment.

FIG. 16B is a screenshot of a graphical user interface
(GUI) for reviewing patient image data showing a window
for selecting subjects for whom to analyze and/or review
data, along with a graphical control element for initiating
processing of and reviewing patient image data, according to
an illustrative embodiment.

FIG. 16C is a screenshot of a graphical user interface
(GUI) for reviewing patient image data showing a window
for selecting subjects for whom to analyze and/or review
data, along with a graphical control element for initiating
processing of and reviewing patient image data, according to
an illustrative embodiment.

FIG. 17A is a screenshot of a GUI for reviewing patient
image data showing a window comprising a set of images
each showing a different 2D cross sectional view of a CT
image of a subject overlaid with a SPECT image of the
subject and graphics representing identified tissue volumes,
according to an illustrative embodiment.

FIG. 17B is a screenshot of a GUI for reviewing patient
image data showing a window comprising a set of images
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each showing a different 2D cross sectional view of a CT
image of a subject overlaid with a SPECT image of the
subject and graphics representing identified tissue volumes,
according to an illustrative embodiment.

FIG. 17C is a screenshot of a GUI for reviewing patient
image data showing a window comprising a set of images
each showing a different 2D cross sectional view of a CT
image of a subject overlaid with a SPECT image of the
subject and graphics representing identified tissue volumes,
according to an illustrative embodiment.

FIG. 17D is a screenshot of a GUI for reviewing patient
image data showing a window comprising a set of images
each showing a different 2D cross sectional view of a CT
image of a subject overlaid with a SPECT image of the
subject and graphics representing identified tissue volumes,
according to an illustrative embodiment.

FIG. 17E is a screenshot of a GUI for reviewing patient
image data showing a window comprising a set of images
each showing a different 2D cross sectional view of a CT
image of a subject overlaid with a SPECT image of the
subject and graphics representing identified tissue volumes,
according to an illustrative embodiment.

FIG. 18A is a screenshot of a GUI for reviewing patient
image data showing a window comprising a graphical
control element for toggling display of selectable layers
illustrating a user toggling of a SPECT image layer off,
according to an illustrative embodiment.

FIG. 18B is a screenshot of a GUI for reviewing patient
image data showing a window comprising a set of images
each showing a different 2D cross sectional view of a CT
image of a subject overlaid with graphics representing
identified tissue volumes, according to an illustrative
embodiment.

FIG. 18C is a screenshot of a GUI for reviewing patient
image data showing a window comprising a set of images
each showing a different 2D cross sectional view of a CT
image of a subject overlaid with graphics representing
identified tissue volumes, according to an illustrative
embodiment.

FIG. 18D is a screenshot of a GUI for reviewing patient
image data showing a window comprising a set of images
each showing a different 2D cross sectional view of a CT
image of a subject overlaid with graphics representing
identified tissue volumes, according to an illustrative
embodiment.

FIG. 18E is a screenshot of a GUI for reviewing patient
image data showing a window comprising a set of images
each showing a different 2D cross sectional view of a CT
image of a subject overlaid with graphics representing
identified tissue volumes, according to an illustrative
embodiment.

FIG. 18F is a screenshot of a GUI for reviewing patient
image data showing a window comprising a set of images
each showing a different 2D cross sectional view of a CT
image of a subject overlaid with graphics representing
identified tissue volumes, according to an illustrative
embodiment.

FIG. 19A is a screenshot of a GUI for reviewing patient
image data showing a window comprising a graphical
control element for toggling display of selectable layers
illustrating a user toggling of a SPECT image layer and a
segmentation layer on and off, respectively, according to an
illustrative embodiment.

FIG. 19B is a screenshot of a GUI for reviewing patient
image data showing a window comprising a set of images
each showing a different 2D cross sectional view of a CT
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image of a subject overlaid with a SPECT image of the
subject, according to an illustrative embodiment.

FIG. 19C is a screenshot of a GUI for reviewing patient
image data showing a window comprising a set of images
each showing a different 2D cross sectional view of a CT
image of a subject overlaid with a SPECT image of the
subject, according to an illustrative embodiment.

FIG. 19D is a screenshot of a GUI for reviewing patient
image data showing a window comprising a set of images
each showing a different 2D cross sectional view of a CT
image of a subject overlaid with a SPECT image of the
subject, according to an illustrative embodiment.

FIG. 20A is a screenshot of a GUI for reviewing patient
image data showing a window comprising an image show-
ing a 3D view of a CT image of a subject comprising a
graphical representation of soft tissue overlaid with a
SPECT image of the subject, according to an illustrative
embodiment.

FIG. 20B is a screenshot of a GUI for reviewing patient
image data showing a window comprising an image show-
ing a 3D view of a CT image of a subject comprising a
graphical representation of soft tissue overlaid with a
SPECT image of the subject, according to an illustrative
embodiment.

FIG. 20C is a screenshot of a GUI for reviewing patient
image data showing a window comprising an image show-
ing a 3D view of a CT image of a subject comprising a
graphical representation of soft tissue overlaid with a
SPECT image of the subject, according to an illustrative
embodiment.

FIG. 21A is a screenshot of a GUI for reviewing patient
image data showing a window comprising an image show-
ing a 3D view of a CT image of a subject comprising a
graphical representation of bone overlaid with a SPECT
image of the subject, according to an illustrative embodi-
ment.

FIG. 21B is a screenshot of a GUI for reviewing patient
image data showing a window comprising an image show-
ing a 3D view of a CT image of a subject comprising a
graphical representation of bone overlaid with a SPECT
image of the subject, according to an illustrative embodi-
ment.

FIG. 22A is a screenshot of a GUI for reviewing patient
image data showing a window comprising an image show-
ing a 3D view of a CT image of a subject comprising a
graphical representation of bone overlaid with a SPECT
image of the subject, according to an illustrative embodi-
ment.

FIG. 22B is a screenshot of a GUI for reviewing patient
image data showing a window comprising an image show-
ing a 3D view of a CT image of a subject comprising a
graphical representation of bone overlaid with a SPECT
image of the subject, according to an illustrative embodi-
ment.

FIG. 22C is a screenshot of a GUI for reviewing patient
image data showing a window comprising an image show-
ing a 3D view of a CT image of a subject comprising a
graphical representation of bone overlaid with a SPECT
image of the subject and graphics representing identified
tissue volumes, according to an illustrative embodiment.

FIG. 22D is a screenshot of a GUI for reviewing patient
image data showing a window comprising an image show-
ing a 3D view of a CT image of a subject comprising a
graphical representation of bone overlaid with a SPECT
image of the subject and graphics representing identified
tissue volumes, according to an illustrative embodiment.
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FIG. 22E is a screenshot of a GUI for reviewing patient
image data showing a window comprising an image show-
ing a 3D view of a CT image of a subject comprising a
graphical representation of bone overlaid with a SPECT
image of the subject and graphics representing identified
tissue volumes, according to an illustrative embodiment.

FIG. 22F is a screenshot of a GUI for reviewing patient
image data showing a window comprising an image show-
ing a 3D view of a CT image of a subject comprising a
graphical representation of bone overlaid with a SPECT
image of the subject and graphics representing identified
tissue volumes, according to an illustrative embodiment.

FIG. 23A is a screenshot of a GUI for reviewing patient
image data showing a window comprising an image show-
ing a 3D view of a CT image of a subject comprising a
graphical representation of bone overlaid with a SPECT
image of the subject, according to an illustrative embodi-
ment.

FIG. 23B is a screenshot of a GUI for reviewing patient
image data showing a window comprising an image show-
ing a 3D view of a CT image of a subject comprising a
graphical representation of bone overlaid with a SPECT
image of the subject, according to an illustrative embodi-
ment.

FIG. 24 is a screenshot of a GUI for reviewing patient
image data showing a window comprising a generated report
for a subject, according to an illustrative embodiment.

FIG. 25 is a block flow diagram showing a workflow for
user interaction with a GUI in which the user reviews
images, segmentation results, and uptake metrics, and gen-
erates reports, according to an illustrative embodiment.

FIG. 26A is a screenshot of a view of a GUI window that
allows a user to upload images, according to an illustrative
embodiment.

FIG. 26B is a screenshot of a view of a GUI window
showing a listing of images uploaded by a user, according to
an illustrative embodiment.

FIG. 27A is a screenshot of a view of a GUI window
showing a listing of patients, according to an illustrative
embodiment.

FIG. 27B is screenshot of a view of a GUI window
showing a listing of patients, according to an illustrative
embodiment.

FIG. 27C is a screenshot of a view of a GUI window
showing a selected patient and menu providing a user with
options for reviewing study data and generating a report,
according to an illustrative embodiment.

FIG. 28A is a screenshot of a GUI for reviewing patient
image data showing a window comprising an image show-
ing a 3D view of a CT image of a subject comprising a
graphical representation of bone overlaid with a SPECT
image of the subject and graphics representing identified
tissue volumes, according to an illustrative embodiment.

FIG. 28B is a screenshot of a GUI for reviewing patient
image data showing a window comprising an image show-
ing a 3D view of a CT image of a subject comprising a
graphical representation of bone overlaid with a SPECT
image of the subject, according to an illustrative embodi-
ment.

FIG. 29A is a screenshot of a GUI for reviewing patient
image data showing a window for reviewing a determined
uptake metric, according to an illustrative embodiment.

FIG. 29B is a screenshot of a GUI for reviewing patient
image data showing a quality control graphical widget,
according to an illustrative embodiment.
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FIG. 29C is a screenshot of a view of a quality control
graphical widget allowing a user to sign a generated report,
according to an illustrative embodiment.

FIG. 29D is a screenshot showing a generated report (e.g.,
an auto-generated report), according to an illustrative
embodiment.

FIG. 29E is a screenshot of a view of a quality control
graphical widget displayed in respond to a user input of
disapproval of automated determination of an uptake metric,

24

variations and adaptations developed using information
from the embodiments described herein. Adaptation and/or
modification of the systems, architectures, devices, methods,
and processes described herein may be performed, as con-
templated by this description.

Throughout the description, where articles, devices, sys-
tems, and architectures are described as having, including, or
comprising specific components, or where processes and
methods are described as having, including, or comprising

according to an illustrative embodiment. 10 specific steps, it is contemplated that, additionally, there are
FIG. 29F is a screenshot of a portion of a generate report articles, devices, systems, and architectures of the present
showing a graphical indication of rejection of quality con- invention that consist essentially of, or consist of, the recited
trol, according to an illustrative embodiment. components, and that there are processes and methods
FIG. 29G is a screenshot of a quality control graphical according to the present invention that consist essentially of,
widget allowing a user to manually update one or more 15 or consist of; the recited processing steps.
values used in determination of an uptake metric, according It should be understood that the order of steps or order for
to an illustrative embodiment. performing certain action is immaterial so long as the
FIG. 29H is a screenshot of a quality control graphical invention remains operable. Moreover, two or more steps or
widget allowing a user to manually update one or more actions may be conducted simultaneously.
values used in determination of an uptake metric, according 20  The mention herein of any publication, for example, in the
to an illustrative embodiment. Background section, is not an admission that the publication
FIG. 30 is a block diagram showing a microservice serves as prior art with respect to any of the claims presented
network architecture for performing image segmentation to herein. The Background section is presented for purposes of
identify prostate volumes within images, determine uptake clarity and is not meant as a description of prior art with
metrics, and provide results to a client, according to an 25 respect to any claim.
illustrative embodiment. Documents are incorporated herein by reference as noted.
FIG. 31 is a block flow diagram showing dataflow Where there is any discrepancy in the meaning of a particu-
between microservices of a cloud-based application inorder ~ lar term, the meaning provided in the Definition section
to process a study by performing image segmentation and above is controlling.
determining uptake metrics, according to an illustrative 30  Headers are provided for the convenience of the reader—
embodiment. the presence and/or placement of a header is not intended to
FIG. 32 is a block flow diagram showing communication limit the scope of the subject matter described herein.
between microservices of a cloud-based application and a As used herein, “radionuclide” refers to a moiety com-
client, according to an illustrative embodiment. prising a radioactive isotope of at least one element. Exem-
FIG. 33 is a block diagram of an example architecture for 35 plary suitable radionuclides include but are not limited to
implementing a cloud-based platform comprising a cloud- those described herein. In some embodiments, a radionu-
based application for performing image segmentation and clide is one used in positron emission tomography (PET). In
computing uptake metrics in accordance with the systems some embodiments, a radionuclide is one used in single-
and methods described herein, according to an illustrative photon emission computed tomography (SPECT). In some
embodiment. 40 embodiments, a non-limiting list of radionuclides includes
FIG. 34 is a block diagram showing a process for auto- #mTe, 1n, *Cu, ’Ga, %®Ga, '*°Re, '**Re, 1*>Sm, " "Lu,
matically identifying 3D target volumes within 3D images 7Cu, ', 12, 1271, 1201, 13, MG, PN, PO, F, PSm,
and determining uptake metrics indicative of radiopharma- '*SHo, '”’Lu, ***Pm, *°Y, *'*Bi, '®Pd, '°Pd, '*°Gd, "*’La,
ceutical uptake therein, according to an illustrative embodi- SAu, PPAu, '7Yb, 1Y, %Dy, *°Dy, '“Ru, '''Ag,
ment. 45 #7r, 25 Ac, ®°Rb, "°Br, "°Br, ""Br, *°Br, **Br, *Br, **Br,
FIG. 35A is a swarm plot of clinically non-significant and At and *7%Ir.
clinically significant images. As used herein, the term “radiopharmaceutical” refers to
FIG. 35B is an ROC curve determined based on varying a compound comprising a radionuclide. In certain embodi-
a TBR threshold computed in accordance with the systems ments, radiopharmaceuticals are used for diagnostic and/or
and methods described herein. 50 therapeutic purposes. In certain embodiments, radiopharma-
FIG. 36 is a block diagram of an exemplary cloud ceuticals include small molecules that are labeled with one
computing environment, used in certain embodiments. or more radionuclide(s), antibodies that are labeled with one
FIG. 37 is a block diagram of an example computing or more radionuclide(s), and antigen-binding portions of
device and an example mobile computing device used in antibodies that are labeled with one or more radionuclide(s).
certain embodiments. 55 As used herein, “3D” or “three dimensional” with refer-
The features and advantages of the present disclosure will ence to an “image” means conveying information about
become more apparent from the detailed description set  three dimensions. A 3D image may be rendered as a dataset
forth below when taken in conjunction with the drawings, in in three dimensions and/or may be displayed as a set of
which like reference characters identify corresponding ele- two-dimensional representations, or as a three-dimensional
ments throughout. In the drawings, like reference numbers 60 representation.
generally indicate identical, functionally similar, and/or As used herein, an “image”—for example, a 3-D image of
structurally similar elements. a subject—includes any visual representation, such as a
photo, a video frame, streaming video, as well as any
DETAILED DESCRIPTION electronic, digital or mathematical analogue of a photo,
65 video frame, or streaming video. Any apparatus described

It is contemplated that systems, architectures, devices,
methods, and processes of the claimed invention encompass

herein, in certain embodiments, includes a display for dis-
playing an image or any other result produced by the
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processor. Any method described herein, in certain embodi-
ments, includes a step of displaying an image or any other
result produced via the method.

As used herein, a “subject” means a human or other
mammal (e.g., rodent (mouse, rat, hamster), pig, cat, dog,
horse, primate, rabbit, and the like).

As used herein, “administering” an agent means intro-
ducing a substance (e.g., an imaging agent) into a subject. In
general, any route of administration may be utilized includ-

26

first n dimensions of input and output arrays operated on by
filtering layers of a CNN are referred to herein as “spatial
dimensions”. The (n+1)” dimension of the input is referred
to herein as the “input channel” dimension. The size of the
input channel dimension is referred to herein as the “number
of input channels”. The (n+1)* dimension of the output is
referred to herein as the “output channel” dimension. The
size of the input channel dimension is referred to herein as
the “number of output channels”.

ing, for example, parenteral (e.g., intravenous), oral, topical, 10  In certain embodiments, a convolution layer computes
subcutaneous, peritoneal, intraarterial, inhalation, vaginal, response values by applying a filter that operates on sub-
rectal, nasal, introduction into the cerebrospinal fluid, or patches that are smaller than the input array along the spatial
instillation into body compartments. dimensions, but extend across the full output channel dimen-

As used herein, the terms “filter”, and “filtering”, as in a sion. For example, an NxMxLxK, size input array, has three
“filtering function” or a “filter”, refer to a function that 15 spatial dimensions and K, output channels. Filters of a
operates on localized portions of an input array (e.g., a convolution layer may operate on subpatches having sizes of
multi-dimensional array) of data (e.g., image data, e.g., NxMxLxK,, where N<N, M <M and L<L. Often, a filter
values computed by a layer of a CNN), referred to herein as of a convolutional layer operates on subpatches having sizes
“subpatches”, computing, for a given subpatch, a response where N <N, M<M and/or L, <L. For example, in certain
value. In general, a filter is applied in a sliding window 20 embodiments, N<<N, M,<<M and/or [ <<L.
fashion across the array to compute a plurality of response Accordingly, for each of one or more filters applied by a
values for the array. In particular, for a given multidimen- convolution layer, response values computed by a given
sional array, a subpatch of the array can be a rectangular filter are stored in a corresponding output channel. Accord-
region of the array having a specific size (e.g., having the ingly, a convolution layer that receives an input array having
same number of dimensions as the array). For example, for 25 n+1 dimensions computes an output array also having n+1
a 6x3x3 array, a given 3x3x3 subpatch refers to a given dimensions, wherein the (n+1)” dimension represents the
3x3x3 set of adjacent values (e.g., a neighborhood) of the output channels corresponding to the one or more filters
array, such that there are five distinct 3x3x3 subpatches in applied by the convolution layer. In this manner, an output
the 6x3x3 array (each patch shifted one position over along array computed by a given convolution layer can be received
the first dimension). 30 as input by a subsequent convolution layer.

For example, a filtering function can compute, for a given As used herein, the term “size” in reference to a filter of
subpatch of an array, a response value using the values of the a convolution layer refers to a size along spatial dimensions
subpatch. A filtering function can be applied in a sliding of subpatches on which the filter operates (e.g., the subpatch
window fashion across an array, computing, for each of a size along the output channel dimension is taken as the full
plurality of subpatches of the array, a response value. The 35 number of output channels). As used herein, the term “size”,
computed response values can be stored in an output array in reference to a convolution layer, as in “size of a convo-
such that the positional correspondence between response lution layer” refers to a size of filters of the convolution layer
values and the subpatches of the input array is maintained. (e.g., each filter of the convolution layer having a same size).

For example, at a first step, beginning with a subpatch in In certain embodiments, a filter of a convolution layer has a
a corner of an input array, a filter can compute a first 40 number of variable parameters that are determined via a
response value, and store the first response value in a machine learning training process. In certain embodiments,
corresponding corner of an output array. In certain embodi- the number of parameters of a given filter equals the number
ments, at a second step, the filter then computes a second of values in a subpatch that the given filter operates on. For
response value for a second subpatch, shifted one position example, a size NxMxL_ filter that operates on an input
over along a specific dimension of the input array. The 45 array with K, output channels has N xMxL xK, parameters.
second response value can be stored in a corresponding In certain embodiments, a filter is implemented as an array,
position of the output array—that is, shifted one position and the response value determined by the filter for a given
over along a same dimension of the output array. The step of subpatch is computed as a dot product between the filter and
shifting position of the subpatch, computing a response the given subpatch.
value, and storing the response value in a corresponding 50  As used herein, the term “fully convolutional neural
position of the output array can be repeated for the full input network (FCNN)” refers to a CNN wherein each layer of the
array, along each dimension of the input array. In certain CNN is a convolution layer.
embodiments (e.g., a strided filtering approach), the sub- As used herein, the term “volume”, as used in reference
patch for which the filter computes a response value is to an input or output of a layer of a CNN refers to an input
shifted more than one position at a time along a given 55 array received or an output array computed by a CNN layer.
dimension, such that response values are not computed for As used herein, the term “CNN module” refers to a
every possible subpatch of the input array. computer implemented process that implements a specific

As used herein, the term “convolutional neural network CNN in order to determine, for a given input, such as an
(CNN)” refers to a type of artificial neural network where at image (e.g., a 2D image; e.g., a 3D image) one or more
least one layer performs one or more filtering functions. As 60 output values. For example, a CNN module may receive as
used herein, the term “convolution layer” refers to a layer of input a 3D image of a subject (e.g., a CT image; e.g., an
a CNN that receives as input an input array and computes an MRI), and for each voxel of the image, determine a value
output array, wherein values of the output array are com- that represents a likelihood that the voxel lies within a region
puted by applying one or more filters to the input array. In of the 3D image that corresponds to a representation of a
particular, in certain embodiments, a convolution layer 65 particular organ or tissue of the subject. A CNN module may

receives as input an input array having n+1 dimensions and
produces an output array also having n+1 dimensions. The

be software and/or hardware. For example, a CNN module
may be implemented entirely as software, or certain func-
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tions of a CNN module may be carried out via specialized
hardware (e.g., via an application specific integrated circuit
(ASIC)).

As used herein, the term “tissue” refers to bone (osseous
tissue) as well as soft-tissue.

The systems and methods described herein provide for
automated analysis of medical images of a subject in order
to automatically identify regions of interest that correspond
to particular organs and/or tissue that are represented in the
images. In certain embodiments, convolutional neural net-
work (CNN) modules are employed in order to accurately
segment images. In certain embodiments, the accurate auto-
mated identification of particular organs and/or tissue in
images of a subject allows for quantitative metrics that
measure uptake of radiopharmaceuticals (e.g., radiolabeled
small molecules; e.g., radiolabeled antibodies; e.g., radiola-
beled antigen-binding portions of antibodies) in particular
organs to be determined.

In certain embodiments, the systems and methods
described herein facilitate automated identification of
regions of interest that correspond to particular organs or
tissue in which tumors and/or tumor metastases may be
present. Radionuclide labelled molecules that selectively
bind to specific tumor cell surface proteins may be utilized
in combination with the approaches described herein for
imaging tumors. For example, the molecule 1404 binds
specifically to Prostate Specific Membrane Antigen
(PSMA), which is over expressed on many cancer cells. The
molecule 1404 may be labelled with a radionuclide, such as
#9mTe, for use in single-photon emission computed tomog-
raphy (SPECT) imaging.

In certain embodiments, uptake metrics of radiopharma-
ceuticals are relevant to assessing disease state and progno-
sis in a subject.

A. Identifying Prostate Volumes and Determining
Uptake Metrics

FIG. 1 shows a process 100 for automatically processing
3D images to identify 3D volumes that correspond to a
prostate of a subject and determining one or more uptake
metrics indicative of radiopharmaceutical uptake therein.

Referring to Steps 102 and 104 of Process 100 in FIG. 1:

The various panels of FIG. 2 illustrate CT images (FIG.
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volume. The second CNN module may also identify other
tissue volumes, such as pelvic bones, gluteal muscles, rec-
tum, and bladder. The first and second machine learning
modules may be combined and implemented as a single
module and/or a single software application. The first and
second machine learning modules may also be implemented
separately, e.g., as separate software applications.

i. Bounding Box Generation (Localization Machine)

FIGS. 3-5 present examples of the processing of various
CT images showing, first, the identification of the initial
volume of interest (VOI) (panels A) and, second, the seg-
mentation of the prostate and pelvic bones (the prostate
volume is represented by the blue-green volume in the
middle). As shown in these examples, the initial CT image
size can substantially depending on the imaging system
used, the imaging protocol followed by the radiologist, and
other factors, but the initial VOI size is fairly standard.

For example, initial 3D anatomical images may range in
size from as large as 700 mmx700 mmx1870 mm (depthx
widthxheight) (i.e. a full body scan), or even larger, to as
small as 180 mmx240 mmx290 mm (covering the pelvic
bone), or even smaller. In the examples described herein, the
smallest tested matrix size of an initial 3D anatomical image
is 256x256x76 pixels. The bounding boxes (e.g., identified
by the first CNN) for the examples described herein have
approximate size ranges of 180-220 mmx240-320 mmx290-
380 mm. Matrix sizes of the bounding boxes for the example
described herein are in the range of 80-220x150-390x50-
300 pixels.

In the example, 3D anatomical images for training the first
CNN to detect pelvic region bounding boxes had the fol-
lowing image dimensions:

Training Images (3D Anatomical Images):

#rows: 247-512 (sp 1.37), size (mm): 340-700

#columns: 319-512 (sp 1.37), size (mm): 430-700

#slices: 274-624 (sp 3.0), size (mm): 820-1870

In the example, 3D anatomical images for validating the
first CNN for detection of bounding boxes had the following
image dimensions, with the resulting range in dimensions of
bounding boxes identified by the first CNN:

Validation Images (3D Anatomical Images):

#rows: 256-512, size (mm): 500-600

#columns: 256-512, size (mm): 500-600

#slices: 76-427, size (mm): 380-1070

2A and FIG. 2B) showing bone and soft-tissue, and highlight 45  Bounding Boxes:

the pelvic bones (green 202 and blue 206 in FIGS. 2C and #rows: 82-222, size (mm): 180-220

2D) and prostate (purple 204 in FIGS. 2C and 2D). The #columns: 148-386, size (mm): 240-320

highlighted regions are automatically generated by the sys- #slices: 50-295, size (mm): 290-380

tems and methods described herein, and identify the pelvic The following are three example approaches for automati-
bones and prostate. FIG. 2E shows a SPECT image (the 50 cally generating a bounding box (cuboid) for the pelvic

bright pink and purple regions 252, 254, and 256) overlaid
on a CT image. As can be seen, the CT image provides
detailed anatomical information, while the anatomical/struc-
tural information in the SPECT image is more limited.
Accordingly, it is possible to segment the CT image, and use
a mapping between voxels of the CT image and those of the
SPECT image to identify particular voxels of the SPECT
image that correspond to tissue volumes of interest, such as
the prostate, bladder, rectum, and gluteal muscle, for
example.

Referring to Steps 106 and 108 of Process 100 in FIG. 1:

The approach of identifying the prostate volume within
the CT image first uses a first machine learning module (e.g.,
a CNN module) to identify an initial volume of interest
within the CT image. This produces a standardized input to
a second machine learning module (e.g., a second CNN
module) that is responsible for identifying the prostate

60

65

region from an initial 3D anatomical image, for use in
subsequent processing for detailed identification of the pros-
tate.

In a first approach, the first CNN receives as input the
grayscale CT image (a single input channel) and outputs
coordinates of the opposite corners of the bounding box.

In a second approach, the grayscale CT image is pro-
cessed via thresholding to produce a thresholded image with
a rough identification of the pelvic region. In this second
approach, the first CNN receives two input channels—one
being the grayscale CT image and the other being the
thresholded image. The second CNN outputs coordinates of
opposite corners of the bounding box.

In a third approach, the first CNN is essentially a rough
version of the second CNN—that is, the first CNN identifies
a prostate, pelvic bones, and a sacrum (and background).
The bounding box is generated using the identified pelvic
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bones (e.g., by drawing the smallest box that fits the pelvic
bones, or maybe adding some buffer distance). A distinction
here is that the output of the first CNN is not merely
coordinates of cuboid vertices. In this approach, likelihood
values are automatically determined for each voxel of the
image that give the likelihood as to how the voxel is
classified—e.g., whether the voxel is prostate, left/right
pelvic bone, sacrum, or background, for example.

In one illustrative embodiment of this third approach, the
localization and segmentation networks are very similar.
The localization network segments left and right pelvic
bones, sacrum and the background (4 classes in all) in very
downsampled images. Based on this rough segmentation of
the pelvic bones, a bounding box is created. The segmen-
tation network then segments the pelvic bones, the prostate,
and the background within this bounding box and at higher
resolution. The localization CNN and the segmentation
CNN have identical architectures. The differences are in
what input shape they require, where the localization net-
work resize images to size (81, 68, 96) and the segmentation
CNN resize pelvic images (as output from the localization
network) to size (94, 138, 253). Also, the number of con-
volutional filters differs. The segmentation network has 20
convolutional filters in the first layer whereas the localiza-
tion network only has 8. The size and number of filters of
subsequent layers are scaled, as is shown in the flow charts
herein. To create the bounding box after the localization
network, the method finds the corners of the first segmen-
tation and draws a square around it with a margin. The input
images to the localization network are small because they
have been downsampled to a lower resolution, whereas the
segmentation process a cropped version of the CT image in
the original resolution.

The FIG. 6A shows an example of approach 1. FIG. 6B
and FIG. 6C show a comparison between approach 1 and
approach 3.

FIGS. 7A-E show an example architecture 700 of the first
CNN network described herein. The CNN module architec-
ture (localization network) is used for identifying a volume
of interest (e.g., VOI) corresponding to a pelvic region
within a CT image of a subject (wherein the VOI is subse-
quently processed by a second machine learning module
(e.g., a second CNN module) for more detailed segmenta-
tion/identification of the prostate and/or other tissues within
the pelvic region).

ii. Prostate Volume and Additional Tissue Volume Deter-
mination (Single Segmentation Machine)

FIGS. 7F-] show an example architecture 750 of the
second CNN network described herein. As noted above, the
second CNN operates on the VOI to identify a prostate
volume, as well as various additional tissue volumes. Addi-
tional tissue volumes can include left/right pelvic bones, a
sacrum, a bladder, gluteal muscles, and a rectum. Identifying
multiple tissue volumes, as opposed to performing a binary
classification (e.g., where voxels are simply identified as
prostate or background) improves the accuracy of the clas-
sification approach.

FIG. 8A shows left and right pelvic bones (blue, 806 and
yellow, 802) and the sacrum (red, 804) in 2D, and FIG. 8B
shows the same in 3D.

FIG. 9A shows left and right pelvic bones (red, 902 and
yellow, 906) and a prostate (blue, 904).

FIG. 9B shows segmentation of left and right pelvic bones
(two lighter green regions, 952 and 956), prostate (dark
green, 958), bladder (greenish beige, 960), a rectum (brown,
962), and gluteal muscles (blue, 964 and red, 966).
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FIG. 10 shows a low quality CT image, where segmen-
tation still worked.

iii. Segmentation Module Architecture

Data Input and Output

FIG. 11 shows an example architecture 1100 in which
image segmentation as described herein is performed by a
Segmentation Service module 1104 that receives requests to
process images (e.g., perform segmentation as described
herein) from a client facing module, Pioneer Web 1102.

The particular example architecture 1100 shown in FIG.
11 is used in an embodiment of the image segmentation and
analysis systems and methods described herein, in particular
a cloud-based software application, referred to as Pioneer.
Pioneer is a software device to assist in the assessment and
characterization of prostate cancer in the prostate gland
using MIP-1404 SPECT/CT image data. The software uses
artificial intelligence to automatically segment the image
data into distinct anatomical regions and then analyzes the
volumetric regions of interest (ROI). Pioneer extracts quan-
titative data from ROIs to assist in determining the presence
or absence of clinically significant prostate cancer.

The architecture and module organization shown in FIG.
11, as well as other architectures and module organizations
described herein with respect to Pioneer, may be adapted for
use with other imaging modalities and/or other radiophar-
maceuticals. For example, a variety of radiopharmaceuticals
suitable for use with SPECT imaging are described herein,
in section M “Imaging Agents” below. Various 3D func-
tional imaging modalities may also be used for imaging
radiopharmaceutical uptake in a subject, and combined with
a 3D anatomical imaging modality, such as, but not limited
to CT imaging, and analyzed via adapted versions of the
approached described herein with respect to Pioneer. For
example, various nuclear medicine imaging modalities, such
as PET imaging may be used to image radiopharmaceutical
uptake. Like SPECT imaging, PET imaging may be per-
formed in combination with CT imaging to obtain an image
set comprising a PET image and a CT image—a CT/PET
image. Accordingly, the approaches described herein with
respect to Pioneer, and CT/SPECT images may also be
adapted for use with CT/PET images. Various radiopharma-
ceuticals suitable for use with PET imaging are also
described in section M “Imaging Agents”, below.

Turning again to FIG. 11, as shown in FIG. 11, Pioneer is
implemented as a cloud based service using Amazon Web
Services, in which Simple Notification Service (SNS) and
Simple Queue Service (SQS) messaging is used to handle
requests. The Segmentation Service 1104 listens for requests
on a dedicated SQS queue. Events that occur in Pioneer Web
1102 are published to a dedicated SNS topic “Pioneer
Events” 1106. To allow for parallel asynchronous process-
ing, a fanout pattern may be used, such that SNS messages
are sent to a topic and then replicated and pushed to multiple
Amazon SQS queues 1108a, 11085, of which the Segmen-
tation Service is a consumer.

The Segmentation Service 1104 may download input data
(e.g., image data) from source Uniform Resource Locators
(URLs) provided by the requester (e.g., Pioneer Web 1102)
and that link to datasets in a local filesystem. In certain
embodiments, the input data comprises a pre-processed 3D
anatomical image, such as a CT image and a 3D functional
image, such as a SPECT scan. Image metadata may also be
included, along with the 3D anatomical and functional
images.

In certain embodiments, CT and SPECT images have
resolutions meeting particular requirements, established for
the system. For example, CT images with resolutions rang-
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ing from 1.0to 2.2 mm in X and y directions and between 1.0
and 5.0 mm in a z (slice) direction may be used. In certain
embodiments, SPECT images with resolutions ranging from
2.9 to 4.8 mm in all directions are used.

Once Segmentation Service 1104 has performed image
segmentation to identify a prostate volume and any addi-
tional tissue volumes in a particular CT image, as described
herein, Segmentation Service 1104 provides segmentation
output data that identifies the prostate volume within the
particular CT image for storage and/or further processing
(e.g., display in a GUI; e.g., computation of uptake metrics).
In certain embodiments, a request issued to the Segmenta-
tion Service 1104 includes a target URL that specifies a
storage location for the segmentation output data. Accord-
ingly, the Segmentation Service 1104 may upload segmen-
tation output data to the target URL included in the request.

The segmentation output data may include data such as a
segmentation mask set, that identifies each voxel of the 3D
anatomical image (e.g., CT image) as corresponding to a
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subject, and the prostate maximum intensity voxel is iden-
tified following correction for bladder cross-talk. The back-
ground value used for determination of the TBR value is an
average over intensities of a plurality of voxels of the 3D
functional image that correspond to a reference volume,
such as a volume corresponding to a left gluteal muscle of
the subject, within the 3D anatomical image. As described
herein, typically all voxels corresponding to the identified
reference volume are used to compute the background value.

Data corresponding to the quantification performed by the
Segmentation Service 1104 may be included in the segmen-
tation output data. For example, quantification results may
be included in a quantification result dictionary, as shown in
the .json format example below:

{

“prostate__max”: 988.0,
“prostate__max_ pos”: {

“z" 92,
particular tissue region or as background, as determined by 20 “y*: 74,
the second machine learning module described herein. The X767
segmentation mask set may include, or be used to determine, ‘]:E)ackg,roun 4 9.056850205776174
for each particular tissue region, a corresponding segmen- ) o ’
tation mask that identifies voxels of the CT image classified ’s

as belonging to that particular tissue region. For example, a
segmentation mask set may be stored in a .tiled.png format,
with voxels labelled with different numerical labels identi-
fying different particular tissue regions or background. An
example set of labels for various tissue regions is shown
below, with voxels identified as background labeled with O:

{*prostate’: 1,
‘gluteus__maximus__left’: 2,
‘gluteus__maximus_ right’: 3,
‘rectum’: 4,

‘urinary_ bladder’: 5,
‘sacrum__and__coccyx’: 6,
‘hip__bone__left’: 7,
‘hip__bone__right’: 8

}

In certain embodiments, the segmentation mask set iden-
tifies a prostate volume and a reference volume (e.g., a left
gluteal muscle) and labels all other voxels as background.

In certain embodiments, segmentation mask metadata is
also included in the segmentation output data. Segmentation
mask metadata may be used to store information about the
particular image(s) processed, such as a number of voxels in
each direction (e.g., a number of rows, columns, and slices)
and their spacing.

In certain embodiments, the Segmentation Service 1104
also performs quantification using results of the segmenta-
tion, such as identified prostate and reference volumes, and
intensities of voxels of the 3D functional image (e.g.,
SPECT image). This quantification is discussed in more
detail herein, for example, in the subsection below entitled,
“Uptake metrics”. For example, for use in computing a
target to background ratio (TBR) value for the subject, as
described herein, the Segmentation Service 1104 may iden-
tify a prostate maximum intensity voxel, along with a
background value. The prostate maximum intensity voxel is
a voxel identified as having a maximum intensity within a
set of voxels of the 3D functional image corresponding to
the identified prostate volume. In certain embodiments, as
described herein, voxels of the 3D functional image corre-
sponding to the identified prostate volume are corrected for
cross-talk (also referred to as bleed) from a bladder of the
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Keys of the quantification result dictionary in the above
example are as follows: “prostate_max” stores an intensity
of the prostate maximum intensity voxel; “prostate_
max_pos” stores a location of the prostate maximum inten-
sity voxel in the SPECT image; and “background” stores the
background value.

Example Segmentation Service Architecture Including
CNN Module Organization and Interaction

FIG. 12 shows an example architecture 1200 of modules
for performing the CNN-based image segmentation as
described herein. The example architecture 1200 includes a
first machine learning module (referred in FIG. 12 as
“Localization Machine”) 1204 for identifying an initial VOI,
and a second machine learning module (referred to as
“SingleSegMachine (base)” in FIG. 12, short for “base
Single Segmentation Machine”) 1208 for identifying a pros-
tate volume, additional tissue volumes, and a reference
volume as described herein. Inputs and outputs of the first
and second machine learning modules are also shown, along
with several additional modules, including auxiliary
machine learning modules (referred to as SingleSegMachine
(aux) in FIG. 12, short for “auxiliary Single Segmentation
Machine™) 1212 and a module 1214 for merging outputs of
the second machine learning module (base Single Segmen-
tation Machine) and any auxiliary machine learning modules
(auxiliary Single Segmentation Machines) and performing
postprocessing. Outputs generated by the module organiza-
tion shown in FIG. 12 include a segmentation mask set 1216
that identifies various tissue volumes in a 3D anatomical
image (e.g., a CT image) and segmentation metadata 1218.

As described herein, the first machine learning module
1204 receives as input a CT image 1202 and produces a
bounding box that identifies an initial VOI corresponding to
a pelvic region of the subject. The second machine learning
module 1208 receives, as input, the initial VOI along with
the CT image 1202. The second machine learning module
1208 may add a crop margin to the initial VOI (e.g., add a
margin about the initial bounding box to expand the bound-
ing box) and provide the crop endpoints to auxiliary
machine learning modules. As described herein, the second
machine learning module 1208 identifies a prostate volume
within the initial VOL The second machine learning module

Page 163 of 194 MIM Ex1039
MIM Software Inc. v. Progenics Pharmaceuticals, Inc.

Trial IPR2025-00725



Case 1:24-cv-10437-PBS Document 1-2 Filed 02/23/24 Page 106 of 134

US 10,973,486 B2

33

1208 may also identify additional tissue volumes corre-
sponding to additional tissue regions within the subject, such
as a left gluteal muscle, a bladder, and left and right hip
bones. A tissue volume corresponding to a left gluteal
muscle of the subject may be used as a reference volume, for
example to compute a background value in determining a
TBR value for the subject, as described herein. A tissue
volume corresponding to a bladder of the subject may be
used for correcting intensity values of voxels of a SPECT
image for bladder cross-talk, for example as described
herein, in section B “Correcting for Bladder Intensity Bleed
Through”. Identified tissue volumes corresponding to a left
and right hip bone of the subject may be used for postpro-
cessing.

In certain embodiments, as described herein, performance
may be improved by using, in addition to the second
machine learning module 1208, one or more auxiliary
machine learning modules 1212 that perform image seg-
mentation in a similar fashion to the second machine learn-
ing module, identifying a prostate volume and additional
tissue volumes (e.g., as shown in FIGS. 12, 1208 and 1212).
These auxiliary tissue volumes, identified by the auxiliary
machine learning modules, may be merged, via module
1214, with the base tissue volumes (the prostate volume and
any additional tissue volumes) identified using the second
machine learning module 1208.

In certain embodiments, the first and second machine
learning modules, and any auxiliary machine learning mod-
ules, are implemented as trained CNN modules. Each
trained CNN module may be represented (e.g., via computer
code) as a directory that comprises an associated trained
neural network with model structure and weights. Neural
network libraries, such as Keras, can be used to represent
trained CNN modules in this manner. The dictionary repre-
senting a particular CNN module may also include metadata
that describes any preprocessing to be performed on an
image before it is fed as input to the particular CNN module.
Metadata describing how the neural network model was
built and trained may also be included.

Accordingly, a particular CNN module may perform steps
such as (1) loading and preprocessing an image, given an
image file name and image metadata; (2) feeding the pre-
processed image through the associated trained neural net-
work (e.g., as included in the directory representing the
particular CNN module) to obtain a raw prediction output
(e.g., a map that includes, for each of one or more voxels of
the CT image, a likelihood (e.g., probability) that that voxel
belongs to a particular category as determined by a trained
neural network); and (3) postprocess the raw prediction
output. As described herein, the first machine learning
module 1204 may postprocess the raw prediction output
produced by its associated trained neural network to deter-
mine crop endpoints of a bounding box corresponding to an
initial VOL The second machine learning module 1208 may
postprocess the raw prediction output produced by its asso-
ciated trained neural network to determine a segmentation
mask set that labels voxels of the CT image with values (e.g.,
numerical values) that indicate a particular tissue volume to
which they correspond or identify the voxels as background,
as determined by the second machine learning module.

An example model structure of a CNN module imple-
mentation of the first machine learning module (Localization
Machine in FIG. 12) 1204 is shown in FIG. 13. An example
model structure of a CNN module implementation of the
second machine learning module (Single Segmentation
Machine in FIG. 12) 1208 is shown in FIG. 14.
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Example first machine learning module (Localization
Machine) Implementation

As described herein, the first machine learning module
identifies an initial VOI—e.g., a “bounding box” that iden-
tifies a region of the CT image that corresponds to a pelvic
region of the subject, which includes pelvic bones of the
subject, along with tissue regions such as a prostate, a
bladder, a rectum, and left and right gluteal muscles. An
identification of the bounding box (e.g., crop endpoints) is
provided to the second machine learning module, as well as
any auxiliary machine learning modules, allowing them to
limit their processing to a small, specific, target region of the
CT image as opposed to having to operate on and process the
entire CT image. This reduces the amount of data processed
by these machine learning modules, which perform compu-
tationally intensive fine segmentation, thereby improving
their performance and efficiency.

In an example implementation of the first machine learn-
ing module in accordance with approach 3 as described
herein, Localization Machine 1204 in FIG. 12 extracts a
bounding box (to identify the initial VOI) from a coarse
segmentation of a CT image performed by its associated
trained neural network (a CNN), referred to as a Localiza-
tion CNN.

In certain embodiments, the CT image is preprocessed to
prepare it for segmentation by the Localization CNN. A
configuration file may be used to specify the preprocessing
steps and parameters. The preprocessing may include steps
such as cropping the CT image to remove one or more
regions that correspond to surrounding air, normalizing
intensities of voxels in the CT image, and resizing the CT
image (e.g., to produce a resized CT image that conforms to
a fixed input size expected by the Localization CNN). The
intensity normalization preprocessing step adjusts intensities
of voxels of the CT image to produce a particular mean and
standard deviation of intensities over all voxels of the CT
image. For example, voxel intensities of the CT image may
be normalized by subtracting a first fixed value and then
dividing by a second fixed value, to produce a CT image in
which a mean intensity over all voxels is specific mean value
(e.g., 0) and a standard deviation of intensities over all
voxels is a specific standard deviation value (e.g., 1). The
resizing step may be performed by sampling the CT image.

The Localization CNN receives the preprocessed CT
image as input and passes it through a series of layers as
shown in FIG. 13. The output of the Localization CNN is a
coarse segmentation, e.g., represented via a first segmenta-
tion mask set, that classifies voxels of the preprocessed CT
image as belonging to one of four categories, three repre-
senting particular tissue regions: (i) a sacrum and coccyx,
(i1) a left hip bone, (iii) a right hip bone, and a fourth
category, (iv) background (e.g., everything else). This coarse
segmentation is obtained from a raw prediction map gener-
ated by the Localization CNN. The raw prediction map has
a same shape—that is a same set of voxels as the prepro-
cessed CT image received as input, but with four channels.
Each channel corresponds to a particular classification cat-
egory—(i) sacrum and coccyx, (ii) left hip bone, (iii) right
hip bone, and (iv) background. Each channel represents a
probability map for the classification category to which it
corresponds. That is, each particular channel corresponding
to a particular classification category includes, for each
voxel of the preprocessed CT image, a likelihood value
representing probability that the voxel belongs to that par-
ticular category (e.g., represents a physical volume inside
the tissue region that the category represents, or represents
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background). Accordingly, for each voxel, a sum over the
likelihood values for that voxel in each channel is 1.

To determine the first segmentation mask set that classi-
fies each voxel as belonging to a particular category, each
voxel of the preprocessed CT image is assigned to the
category (e.g., tissue region or background) having a largest
likelihood value (e.g., probability) for that voxel. The deter-
mined first segmentation mask set has a same shape as the
preprocessed CT image, and labels each voxel with a value
identifying the category that it is classified as belonging to.
For example, a particular voxel may be labeled with a
numerical value, such as 1, 2, or 3 corresponding to catego-
ries (1), (ii), and (iii) as described above, or a value 0 zero
if it is classified as a background voxel.

A bounding box that identifies an initial VOI may be
determined from the first segmentation mask set as a small-
est box (e.g., rectangular volume) that comprises all voxels
labeled as belonging to categories (i)-(iii). Coordinates iden-
tifying the bounding box (e.g., coordinates of opposite
corners of a rectangular volume corresponding to the bound-
ing box) are determined and output as crop endpoints. In
certain embodiments, wherein the preprocessed CT image
input to the Localization CNN is a resized version of the
original CT image, the coordinates identifying the bounding
box are transformed to a coordinate system of the original
CT image and output as crop endpoints.

Example Second Machine Learning Module (Segmenta-
tion Machine) Implementation

In the example architecture of FIG. 12, a second machine
learning module, also referred to as a base Single Segmen-
tation Machine 1208 (SingleSegMachine (base) in FIG. 12)
performs a high-resolution segmentation of a CT image to
identify a prostate volume corresponding to a prostate of the
subject, along with additional tissue volumes corresponding
to specific tissue regions, such as left and right gluteal
muscles, a rectum, a bladder, a sacrum and coccyx, and left
and right hip bones.

In certain embodiments, the CT image is preprocessed to
prepare it for segmentation by the second machine learning
module. As with Localization Machine 1204, a configuration
file may be used to specify preprocessing steps and param-
eters. Preprocessing steps may include normalizing intensi-
ties of the CT image, similar to the approach described
above with respect to Localization Machine 1204. The CT
image may also be cropped using the crop endpoints that
identify the initial VOI (bounding box) and are output by the
Localization Machine 1204, to produce a reduced, fixed size
preprocessed CT image input for providing as input to a
trained neural network (a trained CNN) associated with and
implemented in Single Segmentation Machine 1208. Pre-
processing may also include a resizing step.

Similar to the Localization CNN of the Localization
Machine, the Single Segmentation Machine implements a
trained CNN, referred to as a Segmentation CNN, that
receives as input the preprocessed CT image. The Segmen-
tation CNN passes the preprocessed CT image through a
series of layers, and outputs a second raw prediction map.
Similar to the raw prediction map produced by the Local-
ization CNN; the second raw prediction map includes mul-
tiple channels, each corresponding to a different particular
category into which each voxel of the input CT image is to
be classified. Each channel represents a probability map for
the classification category to which it corresponds and
includes, for each voxel of the preprocessed CT image, a
likelihood value corresponding to a probability (as deter-
mined by the Segmentation CNN) that the voxel belongs to
that category.
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As described above, the second raw prediction map
output by the Segmentation CNN comprises a channel
corresponding to a prostate of the subject. The second raw
prediction map may include other channels, corresponding
to various additional tissue regions, such as a left gluteal
muscle, a right gluteal muscle, a rectum, a urinary bladder,
a sacrum and coccyx, a left hip bone, and a right hip bone.
The second raw prediction map may also include a back-
ground channel.

Certain variants of high-resolution segmentation CNN’s
give predictions from multiple levels of the network, result-
ing in multiple probability maps per category. These mul-
tiple probability maps are referred to as auxiliary predic-
tions. The CNN model structure shown in FIG. 13
corresponds to a model structure that does not produce
auxiliary predictions, and the CNN model structure shown
in FIG. 14 is for a model that produces auxiliary predictions.
In certain embodiments, while a number of filters in a top
layer (e.g., 20 filters in FIGS. 13 and 28 filters in FIG. 14)
may vary, a number of filters in subsequent, lower layers
doubles each layer down. In certain embodiments, the
Segmentation CNN produces a single probability map, and
does not produce any auxiliary predictions. In certain
embodiments, the Segmentation CNN produces auxiliary
predictions.

In certain embodiments, when the Segmentation CNN
produces auxiliary prediction map, likelihood values for
each category as included in the second raw prediction map
and each auxiliary probability map are averaged together,
such that for a particular voxel, a single likelihood value for
each category is determined.

In certain embodiments, to determine a second, fine
segmentation mask set that classifies each voxel as belong-
ing to a particular category, each voxel of the preprocessed
CT image is assigned to the highest probability value. In
certain embodiments, a number of labels in the fine seg-
mentation mask set is reduced, such that only certain tissue
volumes, such as a prostate volume and a reference volume
(e.g., a left gluteal muscle volume) are included in the fine
segmentation mask set.

Auxiliary Single Segmentation Machines

In certain embodiments, one or more auxiliary machine
learning modules are used to produce auxiliary fine segmen-
tation mask sets, similar to the fine segmentation mask set
generated by the second machine learning module. These
auxiliary fine segmentation mask sets identify a same set of
tissue volumes as the fine segmentation mask set generated
by the second machine learning module. In this manner, the
second machine learning module generates a base fine
segmentation mask set, and the one or more auxiliary
machine learning modules each generate an auxiliary fine
segmentation mask set, thereby providing a parallel set of
classifications for voxels of the CT image.

In certain embodiments, for each category representing a
particular tissue region, a corresponding base fine segmen-
tation mask (e.g., that identifies a volume in the CT image
determined via the base Single Segmentation Machine as
corresponding to the particular tissue region) of or deter-
mined using the base fine segmentation mask set and one or
more corresponding auxiliary fine segmentation masks (e.g.,
each identifying a volume of the CT image determined via
an auxiliary Single Segmentation Machine as corresponding
to the same particular tissue region) are merged, to produce
a merged fine segmentation mask. For example, for a
particular category, certain voxels in the one or more aux-
iliary fine segmentation masks may be identified (e.g.,
labeled) as belonging to the particular category, but not
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belong to a set of voxels in the base fine segmentation mask
that are identified as belonging to the particular category.
These voxels may be added (e.g., by labeling them as such)
to the set of voxels identified as belonging to the particular
category in the base fine segmentation mask to produce the
final merged fine segmentation mask. For example, in the
architecture shown in FIG. 12, base Single Segmentation
Machine 1208 produces a base fine segmentation mask and
one or more auxiliary Single Segmentation Machine(s) 1212
each produces an auxiliary segmentation mask. The base
fine segmentation mask produced by base Single Segmen-
tation Machine 1208 is merged with the one or more
auxiliary fine segmentation masks produced by the auxiliary
Single Segmentation Machine(s) 1212 by module 1214 to
produce a final fine segmentation mask set 1216 comprising
a final fine segmentation mask for each category.

In certain embodiments, one or more of the final fine
segmentation masks are filtered such that only a largest
connected part is retained. In certain embodiments, when
filtering to retain only a largest connected component of a
prostate segmentation mask (e.g., a final fine segmentation
mask that identifies a volume of the CT image corresponding
to a prostate of the subject) is performed, a subset of
connected components of the prostate segmentation mask is
considered. The subset comprises only components that (i)
have a center of mass lying in between the hip bones’ centers
of' mass in a left-right direction of an axial plane (x direction)
and (i1) lie within a bounding box defined so that the left and
right hip bones are just contained.

iv. Uptake Metrics

Referring to step 110 of process 100 in FIG. 1, one or
more uptake metrics are determined, from which diagnosis
or staging of a condition (e.g., prostate cancer) may be
informed or automatically rendered. The one or more uptake
metrics are determined using the 3D functional image and
the prostate volume identified within the VOI of the 3D
anatomical image. For example, a quantity of radiopharma-
ceutical in the prostate of the subject may be computed
based on intensity values of voxels of the 3D functional
image that correspond to the prostate volume identified
within the VOI of the 3D anatomical image. This may
involve computing a sum (e.g., a weighted sum), an average,
and/or a maximum of intensities of voxels of the 3D
functional image representing a physical volume occupied
by the prostate of the subject. In certain embodiments, this
involves computing a normalization value based on intensity
values of voxels of the 3D functional image that correspond
to a reference volume identified within the 3D anatomical
image. For example, the normalization value for intensities
identified in the prostate may be normalized using intensity
values of one or more voxels that correspond to the gluteal
muscles, or another reference volume within the VOI (or, in
certain embodiments, elsewhere within the 3D anatomical
image). The uptake metrics, then, can be converted to an
identification of whether or not the subject has prostate
cancer and/or a quantification of risk that the subject has
prostate cancer, and/or a staging of the disease (e.g., as part
of disease tracking over time), which may be used by the
medical practitioner in advising treatment options, and/or
monitoring efficacy of administered therapy, for example.

Target to Background Ratio

In certain embodiments, one or more uptake metrics
determined include(s) a target to background ratio (TBR)
value for the subject. Determining the TBR value comprises
determining (i) a target intensity value using intensity values
of one or more voxels of the 3D functional image (e.g., PET
or SPECT image) that correspond to the prostate volume

20

25

30

40

45

60

65

38

identified within the initial VOI of the 3D anatomical image
(e.g., CT image), and (ii) determining a background inten-
sity value using intensity values of one or more voxels of the
3D functional image that correspond to an identified refer-
ence volume. The TBR value is computed as a ratio of the
target intensity value to the background intensity value.

In particular, in certain embodiments, the target intensity
value is a maximum of intensities of the voxels of the 3D
functional image (e.g., PET or SPECT image) that corre-
spond to the identified prostate volume. As described above,
a prostate maximum intensity voxel corresponding to a
voxel identified as having a maximum intensity within a set
of voxels of the 3D functional image corresponding to the
identified prostate volume. The target value may then be
taken as the intensity of the prostate maximum intensity
voxel. The background intensity value may be computed as
an average over intensities of a plurality of voxels of the 3D
functional image that correspond to the identified reference
volume. As described herein, a gluteal muscle, such as a left
gluteal muscle, or a portion thereof, may be used as the
identified reference volume.

For example, TBR values may be computed from a
SPECT/CT image for a subject recorded following admin-
istration of a radiopharmaceutical such as 1404 to the
subject. The SPECT image corresponds to the 3D functional
image and the CT image corresponds to the anatomical
image. The image segmentation approaches described
herein may be used to identify, within the CT image, a
prostate volume along with a reference volume correspond-
ing to a left gluteal muscle of the subject. A prostate
segmentation mask and a left gluteal muscle segmentation
mask may be used to identify the prostate volume and the
left gluteal reference volume, respectively.

The prostate volume segmentation mask identifies voxels
of the CT image that are classified as belonging to a prostate
of the subject via the machine learning segmentation
approaches described herein. In certain embodiments, in
order to identify voxels of the SPECT image that correspond
to the identified prostate volume within the CT image,
voxels of the prostate segmentation mask are mapped to
corresponding voxels of the SPECT image. Since the pros-
tate segmentation mask identifies voxels in the CT image, it
may have a different resolution from the SPECT image (e.g.,
since the SPECT and CT images may have different reso-
lutions). Interpolation (e.g., bilinear interpolation) and/or
sampling may be used to match a resolution of the prostate
segmentation mask to the resolution of the SPECT image,
such that each voxel of the prostate segmentation mask maps
to a particular corresponding voxel of the SPECT image. In
this manner, a SPECT prostate mask that identifies voxels in
the SPECT image that correspond to the prostate volume
identified within the CT image is obtained. A SPECT left
gluteal muscle mask that identifies those voxels in the
SPECT image that correspond to the identified left gluteal
muscle reference volume in the CT image may be obtained
in a similar fashion.

The SPECT left gluteal muscle mask may be used to
determine the background intensity value. In particular,
intensities of voxels in the SPECT image identified by the
SPECT left gluteal muscle mask are extracted and parti-
tioned into quartiles. The background value is computed as
a mean over the extracted left gluteal muscle voxel inten-
sities that fall within a first and third quartile. Other
approaches for computing a background value, such as
computing an overall mean or a median over all extracted
left gluteal muscle voxel intensities, may also be used. The
above described approach of partitioning the extracted left
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gluteal muscle voxel intensities into quartiles, was found to
be more stable against outliers than computing an overall
mean and more precise than a median (e.g., since the
intensities are discretized and many of them have a same
value). The determined background intensity value may be
output and stored in a result dictionary, e.g., under a key
‘background’.

The target intensity value may be computed using the
SPECT prostate mask. A prostate maximum intensity voxel
may be identified as a voxel of the SPECT prostate mask and
having a maximal SPECT image intensity. The target inten-
sity value is determined as the intensity of the prostate
maximum intensity voxel. Both the target value intensity
value and a location of the prostate maximum intensity
voxel may be stored. For example, a result dictionary may
store the target intensity value and the prostate maximum
intensity voxel location under keys such as “prostate_max”
and “prostate_max_position”, respectively. In certain
embodiments, intensities of voxels of the SPECT image
corresponding to the identified prostate volume are corrected
for bladder “cross-talk” or “bleed” as described in section B
below, prior to determining the target intensity value, such
that, for example, the maximum intensity stored is a maxi-
mum corrected intensity and the prostate maximum intensity
voxel is a voxel of the SPECT prostate mask having a
maximum corrected intensity.

In certain embodiments, a prostate cancer status for a
subject may be determined by comparing a determined TBR
value for the subject with one or more threshold values. In
particular, a determined TBR value may be compared with
a particular threshold value (e.g., a cutoff' threshold) to
distinguish between patients who have clinically significant
prostate cancer (e.g., assigned a status of clinically signifi-
cant) from those who do not (e.g., assigned a status of
clinically non-significant). Example 4 below shows an
example approach for determining a TBR threshold value
based on TBR values computed from reference images, in
order to obtain a desired sensitivity and specificity.

B. Correcting for Bladder Intensity Bleed Through

FIG. 15. is a schematic illustrating cross-talk of imaging
agent intensity from a bladder to a prostate of a subject. In
the figure, reference 1502 is a bladder, 1506 is the cross-
talk/intensity that bleeds from the bladder, and 1504 is the
prostate. Certain imaging agents comprising a PSMA bind-
ing agent have high uptake in the bladder, which may affect
the identification of diseased tissue (e.g., prostate cancer).
For example, uptake of a radionuclide labelled PSMA
binding agent by the bladder may result in scattering in the
3D functional image, and may reduce accuracy of the
measured imaging agent intensity in the prostate, which is
located near the bladder. By training a second CNN for
detailed segmentation of both the prostate and the bladder of
a subject, it is possible to accurately, automatically account
for a ‘bleed through’ or ‘cross-talk’ effect and/or other
effects caused by uptake of the imaging agent by the bladder.
Furthermore, by training the second CNN for identification
of a reference region in the 3D anatomical image, e.g., the
gluteal muscles, it is possible to more accurately weight/
normalize imaging agent intensity measurements and
improve the accuracy and diagnostic value of the uptake
measurements in the prostate of the subject.

i. Bladder Dilation

In certain embodiments, bladder cross-talk correction
includes a step wherein an identified bladder volume is
dilated (e.g., via morphological dilation) with two iterations.

20

25

40

45

60

65

40

This dilation may be used to prohibit high intensities very
close to the segmented urinary bladder to be used for
determination of a target intensity value in computing a TBR
value (e.g., selected as a maximal intensity), and also to
stabilize a bladder suppression approach described below.

ii. Bladder Suppression Computation

In certain embodiments, a bladder suppression method is
used to remove intensity bleed from the bladder to other
regions of the functional image. An amount of suppression,
that is, intensity bleed to remove from a particular voxel of
the functional image is dependent on a distance from that
voxel to a core bladder region, corresponding to a region of
the bladder having high intensity voxels.

In certain embodiments, bladder suppression is made if a
maximum functional image intensity within a volume of the
functional image identified as corresponding to a bladder
(e.g., corresponding to a bladder volume identified within a
3D anatomical image; e.g. as identified via a urinary bladder
mask) is more than a specific multiplier value times a
determined background intensity value. As described herein,
a background intensity value may be determined based on
intensities of voxels of the 3D functional image correspond-
ing to a reference volume identified within the 3D anatomi-
cal image, for example a gluteal muscle volume. For
example, bladder suppression may be performed if a maxi-
mum functional image intensity within a region correspond-
ing to the identified bladder volume is 15 times a determined
background value (e.g., the bladder-to-background ratio
should be at least 15).

In certain embodiments, bladder suppression is computed
from and applied to a portion of the 3D functional image that
lies within a bladder suppression bounding box of a specific
size about the identified bladder volume. For example, a
bladder suppression bounding box that contains the urinary
bladder with a margin of a predetermined size in a particular
direction (e.g., 40 mm in the vertical direction) and is a same
number of voxels in the other directions may be determined.

For example, after masking out a region of the 3D
functional image corresponding the prostate, the core blad-
der region may be determined as a region of the 3D
functional image within the bladder suppression bounding
box comprising voxels having intensities within a specific
fraction of a maximum intensity within the bounding box
(e.g., not including voxels of the masked out prostate
region). For example, the core bladder region may be
determined as the region comprising voxels having intensi-
ties greater than or equal to 50% of the maximum intensity
within the bladder suppression bounding box. The core
bladder region may include high-intensity regions that were
not included in the original bladder mask.

In certain embodiments, one or more bladder intensity
bleed functions are determined to perform bladder suppres-
sion and thereby correct intensities of voxels of the 3D
functional image for bladder cross-talk. For example, the 3D
functional image may be cropped using the bladder sup-
pression bounding box and a determined background inten-
sity value subtracted from intensities of voxels within the
cropped image region. Sample intensities are then collected
to determine how bladder intensity (e.g., intensity originat-
ing from radiopharmaceutical uptake within a bladder of the
subject) decreases as one moves away from the bladder. The
samples are collected starting at an extreme top, an extreme
front, an extreme right and an extreme left of the core
bladder region and then moving straight up, forward, right or
left respectively, one voxel at a time. If an edge of the
cropped image region is encountered, extrapolated intensi-
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ties may be used as samples, for example linear extrapola-
tion from a previous two or more samples.

The intensity samples provide four curves of intensity
(e.g., sets of sampled intensity data points) decrease from the
bladder core, to each of which a template function may be
fit to establish four bladder intensity bleed functions that
model bladder intensity variation as a function of distance
from the core bladder region. Before further analysis, such
as fitting, outlier removal may be performed, for example to
remove the curve farthest away from the others. A template
function such as an n-th degree polynomial (e.g., a 5 degree
polynomial) is fitted to the data points in the remaining three
curves, resulting in a function modelling the bladder inten-
sity bleed as a function of the distance to the core bladder.
This bladder intensity bleed function describes how much
should be subtracted from the original intensities to obtain
corrected intensities, depending on the distance to the core
bladder region.

In certain embodiments, to decrease a risk that the bladder
intensity bleed function underestimates bleed in the direc-
tion of the bladder (the bleed might vary to some extent
between different directions), before fitting to the sampled
intensity data points, the distances are multiplied with an
expansion factor (e.g., ranging from 1 to 2; e.g., 1.2), so that
the fit bladder intensity bleed function is stretched out. Risk
of underestimating bladder intensity bleed may also be
reduced by multiplying the sampled intensity data points by
a scaling factor. The scaling factor may be variable scaling
factor having a value that depends on the bladder-to-back-
ground intensity ratio. For example, a scaling factor that has
a particular value when the bladder to background ratio is
sufficiently high and increases (e.g., linearly) with lower
bladder-to-background ratios may be used. For example, the
sample intensities may be multiplied with a factor that is 1.2
when the bladder-to background ratio is sufficiently high and
for lower bladder-to-background ratios increases linearly
from O for a bladder-to-background ratio of 15. This
approach of multiplying the sampled intensity data points
with a scaling factor also improves robustness of the bladder
suppression approach.

In certain embodiments, a reach of bladder suppression,
that is, a farthest distance from the bladder where it is
applied, is based on where the decay rate of the function is
sufficiently small. If the decay rate never gets sufficiently
small then the distance is chosen as a length of the intensity
sample vectors. In certain embodiments, it is ensured that
bladder suppression at all distances is non-negative.

Once determined, the bladder intensity bleed function
may be evaluated at locations of various voxels of the 3D
functional image, for example at voxel locations corre-
sponding to locations within the prostate of the subject, to
determine a bladder intensity bleed value for each particular
voxel location. Accordingly, an intensity of a particular
voxel may be corrected for bladder cross-talk by subtracting,
from the intensity of the particular voxel, a determined
bladder intensity bleed value at a location of the particular
voxel. Intensities of voxels at various locations within the
3D functional image, for example at locations corresponding
to an identified prostate volume (e.g., identified within a 3D
anatomical image), may be corrected for bladder cross-talk
in this manner.

iii. Corrected Prostate Maximal Intensity and Location

In certain embodiments, the bladder suppression approach
described herein is used to correct intensity values of voxels
of the 3D functional image that correspond a prostate
volume identified within the 3D anatomical image, and
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uptake metrics, such as a TBR value, are determined using
the corrected intensity values.

C. Visualizing Image Data and Computed Uptake
Metrics

FIG. 16 A shows a window of the GUI interface with two
subjects (patients) listed. The user can select a desired
subject to process and view their image data.

FIG. 16B shows an exemplary GUI with graphical control
elements for processing and navigating subject data, which
appears after the user selected the subject “John Doe”. The
user clicks a selectable button element to complete process-
ing of image data for the selected subject.

In FIG. 16C, after processing of the selected subject’s
image data is complete, the user clicks another selectable
button to view the processed image data and computed
uptake metrics.

In FIGS. 17A-17E a 2D viewer is displayed. FIGS.
17A-17E show a set of 2D cross-sectional views of CT
image data overlaid with the SPECT image as well as
graphics representing identified tissue volumes—specifi-
cally, a prostate and pelvic bones. The user can scan through
the cross sectional slices as shown in the figures.

The CT image and SPECT image are rendered as select-
able layers which can be toggled on and off. The graphics
representing identified tissue volumes are also rendered as a
selectable segmentation layer. In FIG. 18A the user toggles
display of the SPECT image layer off, such that only the CT
image and segmentation layers are displayed. In FIGS.
18B-18F the user scans through the cross sections.

In FIG. 19A the user toggles display of the SPECT image
layer on, and the segmentation layer off. FIGS. 19B-19D
show the user scanning through the cross-sectional views
again, this time with only the CT image and the SPECT
image layers displayed.

FIGS. 20A-20C show a rotatable and sliceable 3D viewer
for viewing the CT image along with overlaid with SPECT
image data, wherein the CT image comprises a graphical
representation of soft-tissue.

FIGS. 21A-21B also show the rotatable and sliceable 3D
viewer, this time with only a graphical representation of
bone in the CT image displayed.

FIGS. 22A-22F show how a user can use the 3D viewer
to inspect the image data and automated identification of the
prostate and other additional tissue regions. The user slices
down to focus on the pelvic region in FIG. 22B and turns on
the segmentation layer to display graphics representing the
identified prostate volume and pelvic bone volumes overlaid
on the CT image as colorized regions. The user can slice and
rotate the image to view the bright spots of the SPECT
image intensity in the prostate region (purple volume).

FIGS. 23A and 23B show the viewer, but with a black
background to improve contrast and mimic a radiologist
scan.

FIG. 24 shows a report (e.g., an auto-generated report)
with various uptake metrics.

D. User Interface, Quality Control, and Reporting

In certain embodiments, the systems and methods
described herein are implemented as part of a GUI-based
workflow that allows a user, such as a medical practitioner
(e.g., a radiologist, a technician) to upload images of patients
(subjects), initiate an automated analysis in accordance with
the approaches described herein, in which a prostate volume
is identified in a 3D anatomical image and used to determine
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uptake metrics using corresponding voxels of a 3D func-
tional image. The user may then view results of the auto-
mated analysis, including the determined uptake metrics and
any prognostic values determined therefrom. The user may
be guided through a quality control workflow, in which they
choose to approve or disapprove the results of the automated
analysis, and, if the results are approved, generate a report
for the patient. The quality control workflow may also allow
the user to manually adjust and update the results of the
automated analysis, for example via an interaction with the
GUI, and generate a report based on the manually updated
results.

FIG. 25 shows an example workflow 2500, used in certain
embodiments for analysis of SPECT/CT images. As shown
in FIG. 25, the user may upload 2504 SPECT/CT images
that conform to a specific accepted standard format 2502,
specifically the DICOM standard in the example of FIG. 25.
FIG. 26A shows an example GUI window 2600a of a
web-based portal that allows a user to upload 2504 images.
FIG. 26B shows an updated view 26005 of the GUI window
shown in FIG. 26A, in which several images have been
selected for upload, and checked for conformance with the
DICOM standard. One image is identified as not conforming
to the DICOM standard, and indicated as failed to upload
26025.

Returning to FIG. 25, in another step 2506, the user may
view a list of patients for which images have been uploaded.
FIG. 27A shows a view 2700a of a GUI window listing
patients via anonymized numerical identifiers. FIG. 27B
shows another view 270056 of the GUI window shown in
FIG. 27A, in which a row of the patient list corresponding
to a specific patient is highlighted for selection. FIG. 27C
shows another view 2700¢ of the GUI, wherein upon selec-
tion of the row corresponding to the specific patient, a menu
listing studies performed for the specific patient is displayed,
including selectable buttons that allow the user to review
image data for the study and generate a report.

In certain embodiments, the user review of the image
data, along with any automated analysis results performed
using the image data, is a prerequisite for generating a
report. The user review of image data and automated analy-
sis may be required to validate accuracy of image segmen-
tation. For example, as shown in FIG. 25, following viewing
of the patient list 2506 and selection of a patient, in a next
step 2508, the user reviews the image data for the patient and
results of automated processing as described herein.

In particular, in the review step 2508 of the workflow
2500 shown in FIG. 25, a user examines SPECT/CT image
data for the selected patient using a GUI based viewer. The
user may select to view and examine the SPECT/CT image
data as a set of 2D slices or as a 3D rendering. FIG. 28A
shows a view of the GUI viewer 2800 in which the SPECT/
CT image data is displayed as a set of 2D slices 28024. FIG.
28B shows a view of the GUI based viewer 2800 in which
the SPECT/CT image data is displayed as a 3D rendering
28025.

As shown in FIG. 28A and FIG. 28B, GUI viewer 2800
displays the SPECT image and the CT image as selectable
layers, overlaid on each other. The user may select one layer
at a time, to view the SPECT and/or CT image alone, or may
select both a CT layer and a SPECT layer to view the SPECT
image overlaid on the CT image. The user may adjust an
opacity of the SPECT image, e.g., to emphasize or deem-
phasize the SPECT image features overlaid on the CT
image. The user may also view a segmentation layer that
shows locations of various tissue regions identified via the
second machine learning module within the CT image, as
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described herein. In this manner, the user may, for example,
validate the image segmentation performed by the second
machine learning module via visual inspection of the CT
image layer and the segmentation layer.

The user may also view and validate the one or more
uptake metrics determined via the automated image analysis
approaches described herein. For example, FIG. 29A shows
a GUI view 2900 in which a panel 2902 of the GUI displays
an automatically determined TBR value 2904 for the patient.
The panel also displays a determined TBR based classifi-
cation 2906, indicating that the TBR value is associated with
clinically significant prostate cancer.

In certain embodiments, in order to aid in the user
validation of the determined uptake metrics, a graphical
element is displayed within the GUI to indicate a location of
a voxel of the identified prostate volume. For example, as
described herein, when a TBR value is computed as a ratio
of a target intensity value to a background intensity value, a
maximal intensity of voxels in the SPECT image corre-
sponding to the identified prostate volume is identified.
Accordingly, the GUI may display a graphical element that
indicates a location of a voxel of the SPECT image corre-
sponding to the identified prostate volume and having a
maximal intensity in comparison with other voxels of the
SPECT image that correspond to the identified prostate
volume. In this manner, a position of a maximum SPECT
intensity voxel corresponding to a location within the pros-
tate volume is displayed to the user. The user may then
visually verify, for example by inspection of the relation of
the graphical element in comparison with the CT image, that
this maximum SPECT intensity voxel indeed lies within the
prostate of the subject. For example, as shown in FIG. 29A,
a set of cross-hair graphical elements 2950, 2952, and 2954
identifying a location of the maximum SPECT intensity
voxel are overlaid on the 2D slices shown in the image
viewer.

Returning to FIG. 25, in another step 2510, the user may
choose to generate a report summarizing analysis performed
for the patient using the uploaded SPECT/CT images, and be
guided through a quality control workflow. For example, as
shown in FIG. 29A, the user may select (e.g., click) a create
report button 2908 of the GUI. Upon the user selection of the
create report button 2908, a quality control graphical widget
2910 is displayed as shown in FIG. 29B. The quality control
graphical widget 2910 may guide a user to check if various
acceptance criteria are met. For example, the quality control
graphical widget 2910 guides a user to check that image
requirements are met, and that a target value and background
value, as used in determining a TBR value, are correct. The
user may approve the automated analysis results, via selec-
tion of button 2912, or may disapprove the automated
analysis results, via selection of button 2914.

As shown in FIG. 25, following user approval of the
quality control check 2512, the automated assessment
results 2514 are used to generate a report 2532 for the
patient. As shown in FIG. 29C, prior to generation a report,
the user may be presented with a widget 2916 requesting
their confirmation of approval of the quality control. FIG.
29D shows an example report 2900d. The report may
include an identification of the quality control criteria 2918,
along with an identification of the user that approved the
quality control and signed the report 2920.

As shown in FIG. 25, if the user disapproves 2516 the
automated determination of the uptake metric (e.g., TBR),
the quality control widget may begin a guided assessment
2518 workflow. In the guided assessment workflow, the user
may manually update values used in determining the one or
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more uptake metrics via a manual interaction with the GUI.
The user may also provide an input that indicates that the
images for the patient cannot be used for accurately deter-
mining uptake metrics may also be received via the quality
control widget. For example, following a user input corre-
sponding to disapproval of the quality control, a GUI
element such as that shown in FIG. 29E may be presented
to the user. The GUI element 2900e shown in FIG. 29E
allows the user to select whether no TBR value can be
determined for the patient, via selection of button 2922, or
whether they would like to manually update the target and
background intensity values used for the TBR value calcu-
lation, via selection of button 2924.

For example, if the user determines (e.g., via visual
inspection of the images) that the images are of too poor
quality to use for accurate determination of a TBR value, the
user may select button 2922 in GUI element 2900e to
identify the case as unevaluable. As shown in FIG. 25,
follow receipt of the user identification of the case as
unevaluable 2520, the case is marked as unevaluable 2530,
and a report 2532 is produced that identifies quality control
as rejected. FIG. 29F shows an example of graphics and text
29001 that may be included in such a report to identify the
quality control as rejected.

In certain embodiments, the user may elect to update the
target and/or background intensity values used for determin-
ing the TBR value via a manual interaction with the GUI.
Once a user input indicating that they wish to update the
target and/or background intensity values is received 2522,
they are guided to manually set a target value 2524 and/or
a background value 2526. FIG. 29G shows a view 2900g of
a manual input graphical widget displayed to the user to
allow them to set a target and/or background value. The user
may click on button 2926 to manually set the target intensity
value via interaction with the GUI. Upon selection of button
2926, the user is presented with a voxel selection graphical
element that allows them to select a voxel of the SPECT
image to use as the maximum intensity voxel in computing
the TBR value. For example, the user may be provided with
a movable cross-hair that allows them to locate positions in
the SPECT and CT images, such as the cross-hairs shown in
FIG. 29A. The user may move the cross-hairs and/or click
on locations within the viewer to select a particular voxel to
use as the maximum intensity voxel. As shown in FIG. 29H,
an updated view 2900/ of the manual input graphical widget
may show an intensity value 2930 of the selected maximum
intensity voxel that will be used as an updated target
intensity value for computing an updated TBR value.

The user may also select button 2928 to set a background
value to use in computing the TBR value. Upon selection of
button 2928, the user may be presented with a voxel
selection element and guided to select multiple voxels that
they identify (e.g., based on visual inspection of the CT
image layer and/or segmentation layer displayed in the GUI
viewer) as belonging to the left gluteal muscle. Since the
background intensity value for computing TBR is an aver-
age over intensities of multiple voxels of the SPECT image
corresponding to physical locations within the left gluteal
muscle, the user may be guided to select a sufficient number
of voxels to ensure an accurate background intensity value
is determined. For example, as shown in the view 2900/ of
the manual input graphical widget shown in FIG. 29H, when
the user is selecting voxels to use in determining an update
background intensity value, a number of samples may be
displayed along with the updated value of the background
intensity 2932. In certain embodiments, the user is required
to select at least a predefined number of samples (e.g., 100),
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and the displayed background intensity value and number of
samples 2932 includes a visual indication (e.g., color
change) to let the user know once a sufficient number of
samples has been selected.

Returning to FIG. 25, once the user has completed manual
input of an updated target value and/or an updated back-
ground intensity value, an updated TBR value is computed
using the updated values and stored as a semi-automatic
assessment 2528. A report 2532 may then be generate using
the semi-automatic assessment results.

E. Example Cloud-Based Architecture and Service
Organization

In certain embodiments, the systems and methods
described herein are implemented as a cloud-based applica-
tion. The cloud-based application may use multiple modules
to implement various functionalities, such as a client facing
module that provides an interface for receiving input from a
user and presenting them with image data and results. The
client facing module may, in turn, interface with other
modules, such as a segmentation service module that per-
forms automated image segmentation to identify a prostate
volume and compute uptake metrics as described herein.

FIG. 30 shows an example microservice network archi-
tecture 3000 for implementing the systems and methods
described herein as a cloud-based application. The particular
example microservice network is used in the example cloud-
based application referred to as Pioneer, as described herein.
In the example microservice network architecture 3000 of
FIG. 30, microservice Pioneer web 3016 is a client facing
module that serves a client 3026 to provide them with an
interface (e.g., by serving code instruction such as javascript
and HTML) for interacting with stored images and analysis
results. Pioneer web 3016 also communicates with other
microservices, as shown in FIG. 30. Audit service 3014 logs
events and saves event logs in a log file storage database
3012. Cognito 3020 stores and authenticates users. Auth
service 3022 tracks user groups and customer product reg-
istrations. Signup service 3024 is a front-end service that
allows users to sign up, e.g., for use of the cloud-based
system. Slicebox 3004 stores image files in a standardized
DICOM format, including 3D anatomical images such as
CT images, and 3D functional images such as SPECT and
PET images. Images are stored in image storage database
3002. Image service 3006 reads images (e.g, DICOM files)
and stores images and image metadata in a specific (e.g.,
convenient; e.g., standardized) format. Segmentation service
3010 performs automated image segmentation and uptake
metric determination as described herein. Segmentation
service 3010 fetches image data prepared by image service
3006 from data storage database 3008, performs image
segmentation and uptake metric determination, and stores
results in the data storage database 3008.

The architecture shown in FIG. 30 can be used to imple-
ment applications and platforms described herein on a
variety of datacenters, including publicly available datacen-
ters. The datacenter provides infrastructure in the form of
servers and networks and provides services for e.g. network-
ing, messaging, authentication, logging and storage. The
architecture 3000 for the application uses a series of func-
tional units with limited scope referred to as microservices.
Each microservice handles an isolated set of tasks such as
image storage, calculation of a risk index, identification of
medical image type, and other tasks. Services (e.g., micro-
services) can communicate with each other using standard
protocols such as Hypertext Transfer Protocol (HTTP).
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Organizing the application into a network of microservices,
as shown in the architecture 3000 of FIG. 30, allows for
parts of the platform to be scaled individually to meet high
demand and to ensure minimal downtime. In certain
embodiments, such an architecture allows for components to
be improved or replaced without affecting other parts of the
application, or platforms that include the application along
with others.

FIG. 31 is a block flow diagram showing an example
dataflow 3100 for performing automated segmentation and
analysis of CT/SPECT images using a microservice network
such as the one shown in FIG. 30. Images uploaded by a user
are stored in slicebox 3110. A user may initiate processing
of a study (e.g., images for a patient) to initiate automated
image segmentation and analysis, for example via an inter-
action with Pioneer web 3104 via a client 3102a. Process-
ing of a study may also begin automatically (e.g., following
uploading of images; e.g., at regular time intervals). As
shown in FIG. 31, once processing of a study is initiated,
Pioneer web 3104a interacts with Image service 3106 to
initiate preparation (e.g., preprocessing; e.g., formatting) of
image data for automated segmentation and analysis. Image
service 3106 saves preprocessed images in database S3
3112. Pioneer web 3104q initiates image segmentation and
analysis by Segmentation service (e.g., by sending a SQS
message). Segmentation service 3108 fetches image data
comprising a 3D anatomical image and a 3D functional
image, such as a CT/SPECT image, from S3 3112. Segmen-
tation service 3108 performs image segmentation to identify
tissue volumes, including a prostate volume, within the 3D
anatomical image, and uses the identified tissue volumes and
the 3D functional image to compute one or more uptake
metrics as described herein. Results of the automated image
segmentation and uptake metric determination are saved in
S3 3112. Segmentation service posts a callback to Pioneer
web 3104a indicating whether results were successfully
obtained or if an error/exception occurred. Upon receipt of
the callback, Pioneer web 3104a publishes an updated status
for the study on channel Pubsub 3118. Multiple Pioneer web
services 3104a and 31045 may receive the status update for
the study and notify clients 31024 and 31025 with which
they interact of the status update.

FIG. 32 shows a data flow 3200 between microservices
showing how a client may request statuses of studies and be
notified of study status updates in a manner similar to that
described above with reference to FIG. 31. As shown in FIG.
32, aclient 3202 may send study ids to a Pioneer web service
instance 3204 that receives status updates via Pub/Sub
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The image service module may preprocess different
images from various modalities, including 3D functional
and 3D anatomical images, to standardize and format the
images. For example, preprocessing of a 3D functional
image (e.g., a nuclear medicine image, such as a SPECT
image), may include performing basic compliance checks
and interpreting voxel intensity values as specified in a
standard format (e.g., DICOM PS3 NM Image IOD).
Frames of the 3D functional image may be arranged in a
particular order corresponding to a direction along the
subject, such as a head-to-feet order. A position may be
adjusted to represent an outer corner of a first voxel.
Attributes from the 3D functional image that may be needed
in further processing may also be extracted.

Preprocessing of a 3D anatomical image, such as a CT
image, may also include performing basic compliance
checks and interpreting voxel intensity values as specified in
a standard format (e.g., DICOM PS3 NM Image IOD).
Slices of the 3D anatomical image may be arranged in a
particular order corresponding to a direction along the
subject, such as a head-to-feet order. Cropping bounds to
remove one or more regions of the 3D anatomical image that
correspond to air around an imaged patient may also be
determined. A position may be adjusted to represent an outer
corner of a first voxel. Attributes from the 3D anatomical
image that may be needed in further processing may also be
extracted.

FIG. 33 shows an architecture 3300 illustrating how a
cloud-based application implementing the image segmenta-
tion and analysis approaches described herein, may be
combined with other systems for performing other types of
image analysis, to provide a cloud-based platform that a
client/user may use to multiple image analysis applications.
The architecture 3300 shown in FIG. 33 includes a set 3320
of microservices that are common between two or more
applications. The left 3310 and right 3330 panels show
microservices in two applications. Microservice network
3330 implements a version of the Pioneer cloud-based
application, as described herein, and provides for automated
analysis of CT/SPECT images, calculation of uptake met-
rics, such as TBR, and generation of reports. The micros-
ervice network 3310 shown in the left panel implements
web-based application, referred to as aBSI, that analyzes
whole-body scans obtained with a gamma camera, and
computes an automated bone scan index (BSI). Further
details regarding aBSI and automated BSI determination are
provided in U.S. patent application Ser. No. 15/794,220,
filed Oct. 10, 2017, the content of which is hereby incor-
porated by reference in its entirety.

channel 3212. Callbacks for completed calculations (e.g., 50

completed image segmentation and uptake metric analysis F. Identifying Other Target Volumes of Interest and

as described herein) may enter Pioneer web from any Computing Uptake Metrics

Segmentation service 3208. A status for a completed calcu-

lation for a study may be saved in a database 3210 and an With regard to FIG. 34, the approaches described herein
updated status for the study is sent to the Pub/Sub channel 55 can be used to identify other target volumes, e.g., lungs,

3212. All Pioneer web instances (e.g., 3204 and 3206)
subscribe to the status updates and may provide a status
update (e.g., a notification of a completed calculation for the
study) to a client 3202 with which they interact.

In certain embodiments, for example as described above
with respect to FIG. 30 and FIG. 31, implementations of the
systems and methods described herein may include an
Image service module that performs image data preprocess-
ing and formatting, for example to provide appropriately
formatted image data to a Segmentation service that per-
forms automated image segmentation and uptake metric
determination.

60

65

lymph nodes, bone, liver. Other image types can be used.
Various radiopharmaceuticals can be used to generate 3D
functional images. For example, in certain embodiments,
1404 is the imaging agent used for SPECT images, and, in
certain embodiments, PyL is the imaging agent used for PET
images. In one embodiment, imaging is performed over the
whole body of the subject for detection of disease (e.g.,
tumors) in tissue, e.g., in lymph nodes. The total number of
tumors and/or the size and/or another metric associated with
the spreading and/or quantity of diseased tissue (e.g., cancer)
is/are determined automatically using methods described
herein. For example, in process 3400 a 3D anatomical image
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and a corresponding 3D functional image are received at
steps 3402 and 3404, respectively. A first CNN may be used
to efficiently identify 3406 one or more sub-regions of an
initial 3D anatomical image for more detailed segmentation
by a second CNN 3408, and the corresponding 3D func-
tional image is analyzed within the identified one or more
sub-regions to quantify overall imaging agent uptake and/or
to provide a computed metric indicative of the level and/or
extent of disease in the subject 3410.

G. Example 1: Automated Detection and
Quantification of Prostatic PSMA Uptake from
SPECT/CT Imaging

In this example, 99mTc MIP-1404, a small-molecule
inhibitor of prostate-specific membrane antigen (PSMA)
was used to detect clinically significant disease in prostate
cancer. An objective of this example was to develop a deep
learning model for the automatic detection and quantifica-
tion of prostatic MIP-1404 uptake in SPECT/CT images.

A deep-learning algorithm was developed based on con-
volutional neural networks for automatically segmenting the
prostate and pelvic bones from CT images. The algorithm as
designed to process both high- and low-dose CT images as
well as whole and part body field of views, with no manual
interaction necessary. The training material consisted of 100
diagnostic CT images (all male) with complete and distinct
segmentations, performed manually, for relevant anatomical
regions. The algorithm was validated on the MIP-1404
phase II study including 102 high-risk prostate cancer
patients who all underwent PSMA imaging prior to radical
prostatectomy. All validation scans were quantified manu-
ally using the OsiriX medical image viewer (Pixmeo
SARL), by measuring the maximum uptake in a circular
ROI placed inside the prostate in the slice and region with
highest uptake values determined visually. The automatic
algorithm uses its volumetric segmentations to measure
uptake at every voxel in the prostate, and registers the
maximum uptake. The Pearson correlation coefficient was
used to assess the concordance between manual and auto-
mated quantification of prostatic uptake.

The algorithm based on the lining material had 2.7 million
parameters and was optimized using Adam, a variant of
gradient descent. In the test set, 1404 images of 34 patients
(33%; 34/102) were excluded due to excessive CT artifacts,
incomplete data and/or data format problems. Computation
time on the evaluable patients (N=68) was 13 seconds (per
case) on commodity hardware. The automated maximum
uptake value was significantly correlated to the manually
obtained in the prostate (r=0.95, 95% CI=[0.91,0.97];
slope=0.89, 95% CI=[0.80,0.98]; p<0.0001). The algorithm
was fully automated and deterministic, resulting in 100%
repeatability.

This example demonstrates the feasibility of an objective
and automated measure of MIP-1404 uptake in the prostate.

H. Example 2: Technical and Clinical Performance
of Automated Segmentation and Uptake Metric
Determination

Example 2 shows evaluation of technical and clinical
performance of an embodiment automated image segmen-
tation and uptake metric determination approaches
described herein implement via an example cloud-based
application referred to as Pioneer. To establish the hypoth-
esis generating algorithm for Pioneer, MIP-1404 SPECT/CT
image data from two clinical studies were used, including
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healthy volunteers (a phase 1 study: MIP-1404-1301) and
patients with prostate cancer who had histopathology data
available following radical prostatectomy (a phase 2 study:
MIP-1404-201). Data comparing the receiver operating
characteristic plot (ROC), sensitivity, specificity, positive
and negative predictive values produced by Pioneer with
those obtained by traditional manual reads, showed that
Pioneer could be a useful tool to assist radiologists in
MIP-1404 image interpretation; thereby facilitating the
evaluation of patients with prostate cancer.

i. Technical Performance

The analytical verification of the algorithm’s segmenta-
tion and quantification performance criteria and the moti-
vation was prospectively defined as detailed in OTHA-2262
and OTHA-2263, respectively. Total of sixty-one 1404
SPECT/CT images and standard for care read from nuclear
medicine physician was used as benchmark to evaluate the
analytical performance. All manual reads were done inde-
pendently and blindly to the technical performance accep-
tance criteria.

The prostate segmentation performance test demonstrated
mean dice of 0.77 and a standard deviation of 0.012. The
lower endpoint of the one sided 95% confidence interval was
0.75, higher than the pre-defined threshold in OTHA-2262
(0.70). The background (gluteus maximus left) segmenta-
tion performance test demonstrated mean dice of 0.94 and a
standard deviation of 0.002. The lower endpoint of the one
sided 95% confidence interval was 0.94, higher than the
pre-defined threshold in OTHA-2262 (0.80).

Only in four of the total 61 (6.6%) of the target locations
predicted by the automated Pioneer software were classified
by the human expert (nuclear medicine reader) as faulty. The
outcome was better than that specified in OTHA-2263.

ii. Clinical Performance

In a retrospective ad hoc analysis of clinical performance,
fourteen healthy volunteers (phase 1 study MIP-1404-1301)
and 105 subjects with prostate cancer patients (phase 2 study
MIP-1404-201) were combined in a single cohort for analy-
sis with Pioneer. Subjects in MIP-1404-201 who received
prior therapy for prostate cancer were excluded.

Images that had CT artifacts or could not be reconstructed
for automated analysis were also excluded. A total of 75
images were evaluated from 61 subjects with prostate cancer
and 14 normal volunteers.

Pioneer’s automated assessment was evaluated against
the histopathological truth standard for those who had been
diagnosed with prostate cancer and had undergone radical
prostatectomy following MIP-1404 SPECT/CT imaging.
For healthy volunteers the assumption was made that they
had no prostate cancer based on their normal PSA and pelvic
MRI at the time of study. Spearman’s rho was used to assess
the correlation with Gleason score. Area under the receiver
operating characteristic (ROC) curve was employed to
determine the performance of the algorithm in detecting
prostate cancer in the prostate gland. Sensitivity and speci-
ficity was determined from the optimal threshold/cutoff
value from the ROC curve.

The automated quantitative assessment of the 1404
images correlated with Gleason score (rho: 0.54; p<0.0001).
The ROC curve demonstrated an AUC of 0.80 (95% CI:
67-94). The optimal threshold for the binary TBR-based
result in distinguishing clinically significant prostate cancer
from clinically non-significant cancer or normal prostate
was determined to be 25. Using this threshold, Pioneer
distinguished clinically significant from clinically non-sig-
nificant prostate cancer or normal prostates with a sensitivity
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of 75% and specificity of 80% using 1404 SPECT/CT
images from the MIP-1404-1301 and MIP-1404-201 stud-
ies.

Accordingly, Pioneer improves on manual reads by pro-
viding (i) more objective and reproducible read performance
across all diagnostic endpoints, and (ii) point estimates for
key diagnostic performance parameters, e.g. sensitivity,
specificity, that have been shown to be consistently >70%
using histopathology as the truth standard.

1. Example 3: Example Cloud Based Software for
Automated and Semi-Automated Analysis of 1404
CT/SPECT Images

Example 3 is an example of a cloud-based software
platform, referred to as Pioneer that implements an embodi-
ment of the automated image analysis approaches described
herein. Pioneer is a cloud-based software platform, imple-
mented according to regulatory and data safety standards,
where users can upload 1404 SPECT/CT image data, view
it using 2-dimensional and 3-dimensional medical image
viewers accessed through the user’s ordinary internet
browser, and review and export TBR values. The software
also provides a quality control workflow where users can
assess the quality of the analysis with options to reject and/or
adjust the automated analysis.

Thus, under the supervision of the user, the software
employs an artificial intelligence algorithm to automatically
identify and analyze the regions of interest (ROIs). Pioneer
extracts image data from the ROIs to provide an objective
analysis—Target to background (TBR)—based on uptake in
the prostate and background. Since signals in the prostate are
often obscured by signals from the urinary bladder (MIP-
1404 being excreted in urine), capability was also built in the
software to segment the bladder and suppress bladder asso-
ciated signals, thus enabling prostatic signals to be measured
more accurately.

The non-clinical performance data of Pioneer include
verification and validation (V&V) assessments, including
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1404 drug. The images were partitioned based on the
subject’s Gleason grades on histopathology from radical
prostatectomy. A total Gleason Score of 7 or above was
considered clinically significant and total Gleason Score 6 or
below was considered clinically non-significant. This data-
set contained originally 65 images (63 clinically significant,
2 clinically non-significant), after excluding one image
where the image did not cover the entire pelvic region and
one image where the segmentation of prostate had clearly
failed, 63 remained (61 clinically significant, 2 clinically
non-significant).

In summary, 14 images without clinically significant
pathology and 61 images with clinically significant pathol-
ogy were used.

A software package implementing an embodiment of the
automated image segmentation and uptake metric determi-
nation approaches described herein, ctseg package version
1.0.0rcIIl, was used to compute TBR values for the images.

FIG. 35A shows a swarm plot of clinically non-significant
(<=6 on the x-axis) and clinically significant images (>=7 on
the x-axis). A threshold of 25 gives a sensitivity of 0.77
(lower endpoint of Jeffreys one-sided 95% confidence inter-
val is 0.67) and a specificity of 0.71 (lower endpoint of
Jeffreys one-sided 95% confidence interval is 0.50) on the
test data. FIG. 35B shows a ROC curve based on varying the
TBR threshold. The point for TBR threshold 25 is marked
3502 (red circular marker).

As shown in FIGS. 35 A and 35B, a threshold value of 25
provided a value for distinguishing between patients who do
have clinically significant prostate cancer and those who do
not. However, since there are few data points very close to
the threshold, the estimates of sensitivity and specificity are
not robust to small random variations in data. To get more
robust estimates, the R package ‘scdensity’ was used to
estimate smooth unimodal densities for the distribution of
log TBR values for clinically non-significant and significant
images respectively. From this, estimates for sensitivity and
specificity were computed for different TBR thresholds, see
Table 1.

definition of test methods. Pre-determined acceptance crite- 40
ria were designed to ensure, at a minimum, equivalent TABLE 1
performance with state of the art (manual assessment). The
verification included software unit testing, integration test- Robust estimates of sensitivity and specificity
ing and software system testing with functional testing of all for different TBR thresholds.
software requirements. The validation process was per- 45 TBR threshold Specificity Sensitivity
formed to ensure that the system meets the user require-
ments specification. The V&V test results showed that 22 0.68 0.79
. O - 23 0.70 0.78
Pioneer meets its intended use, user and software require- o 073 076
ments. 25 0.75 0.75
50 26 0.76 0.73
J. Example 4: Selection of TBR Threshold for 27 0.78 0.72
Clinically Significant Findings 28 0.79 0.70
Example 4 is an example showing how a TBR threshold Accordingly, based on the analysis described in this
value for partitioning patient prostate cancer pathology into 55 example, a TBR threshold of 25 was selected based on a

clinically significant and clinically non-significant classifi-
cations can be determined.

Two datasets of SPECT/CT images were combined to
select an appropriate threshold value. A first dataset com-

desired specificity and sensitivity. These preliminary studies
based on Phase 1 and Phase 2 data have shown improved
diagnostic accuracy of MIP-1404 SPECT/CT using the
automated method in comparison to manual reads.

prised images of healthy individuals, taken from a phase I 60

study of the 1404 drug. This dataset contained originally 14 K. Example 5: Application of Al to Phase 3 Study
images. Segmentation of a prostate within the images was MIP-1404-3301 (“proSPECT-AS”)

performed in accordance with the approaches described

herein and two images where segmentation of the prostate MIP1404-3301 is a pivotal phase 3 multicenter trial of
clearly failed were excluded, resulting in 12 remaining 65 °°"Tc-MIP1404 Injection for the detection of prostate can-

images. A second data set comprised images of individuals
with prostate cancer, originating from a phase II study of the

cer. MIP-1404-3301 is titled “A Phase 3 Study to Evaluate
the Safety and Efficacy of 1404 SPECT/CT Imaging to
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Detect Clinically Significant Prostate Cancer in Men with
Biopsy Proven Low-Grade Prostate Cancer who are Candi-
dates for Active Surveillance”. Cohort A patients were men
with biopsy-proven low to intermediate grade prostate can-
cer (Gleason score 343 or 3+4) who were candidates for
active surveillance but elected to have radical prostatectomy.
Cohort B patients were biopsy-proven very low risk prostate
cancer patients who scheduled to undergo routine re-biopsy
as part or routine active surveillance. The phase 3 study was
initiated in December 2015, and enrollment is now com-
plete. The computer-assisted diagnosis (CADx) software
device is to be used as the primary reading methodology to
analyze the primary end-points in Study MIP-1404-3301.

There are two co-primary endpoints:

Specificity of **™Tc-MIP1404 to detect clinically signifi-
cant prostate cancer when compared to histopathology fol-
lowing radical prostatectomy (cohort A) or prostate biopsy
(cohort B) using automated reading technology;

Sensitivity of ®*"Tc-MIP1404 to detect clinically signifi-
cant prostate cancer when compared to histopathology fol-
lowing radical prostatectomy (cohort A) or prostate biopsy
(cohort B) using automated reading technology.

The 1404 image data from the Phase 3 trial were collected
by a central imaging core laboratory. The image analysis is
conducted by a radiologist using the automated software
device. The medical software device is used in the assess-
ment and characterization of prostate cancer, using a radio-
active PSMA targeting imaging agent, for example as a
Computer Aided Detection (CADe) device. The analysis is
useful in estimating the risk for clinically significant prostate
cancer in a patients. The device is also useful as a combi-
nation product comprising 1404 radioactive diagnostic agent
indicated for the imaging of patients with prostate cancer in
combination with the automated software device, for the
automated assessment, characterization and diagnosis of
prostate cancer, for example as a Computer-aided Diagnos-
tic (CADx) device. The 1404 imaging results help estimate
the risk for clinically significant prostate cancer in these
patients. The software uses artificial intelligence to auto-
matically segment the image data into distinct anatomical
regions and then analyzes the volumetric regions of interest
(ROI). The software extracts quantitative data from ROIs to
assist in determining the presence or absence of clinically
significant prostate cancer. The software device is used to
assist radiologist and physicians in the assessment, charac-
terization and quantification of prostate cancer in SPECT/
CT and PET/CT images. The device is indicated for evalu-
ation of patients presenting high-risk or low-risk screening,
diagnostic imaging workup, or evaluation of extent of dis-
ease. The results from the image analysis are useful in
guiding treatment decisions for the patients by the physi-
cians.

L. Example 6: Training and Validation of
Convolutional Neural Networks Implemented by
the First Machine Learning Module (Localization
Machine) and Second Machine Learning Module

(Segmentation Machine)

Example 5 is an example showing training and validation
of CNN modules used to segment CT images to identify
various tissue volumes, including a prostate volume, in
accordance with the aspects and embodiments described
herein. In this example, the neural networks were defined
and trained using the Keras framework with the Tensorflow
backend.
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1. Training and Validation Data

The training and validation data comprised CT images
coupled with semi-automated segmentations corrected by a
radiologist delineating all or some of the following body
parts: (i) a prostate; (ii) a urinary bladder; (iii) a rectum; (iv)
a left gluteus maximus; (v) a right gluteus maximus; (vi) a
left hip bone; (vii) a right hip bone; and (viii) a sacrum and
coceyx

To train a localization CNN, 90 high quality CT images
were used with segmentations of all the body parts above.
For training a segmentation CNN for high resolution seg-
mentation of left gluteus maximus, these and 10 images of
the same type were used. For training a segmentation CNN
for high resolution segmentation of the prostate, an addi-
tional data set of 73 lower-quality images with more ana-
tomical variation in prostate and urinary bladder (due to
disease) was used. These additional images were matched
with segmentations of the prostate and the urinary bladder
only. Pseudo labels for rectum, left and right hip bone, and
sacrum and coccyx were generated for these 73 images. The
pseudo labels are predicted labels generated using a previ-
ously trained network (a network trained on the 100 high
quality CT images). The pseudo labels were merged with the
manual labels before training.

ii. Training Configuration

Each training run was defined by a configuration file
named config.json. The configuration file included param-
eters for: (1) which data set is used; (ii) data preprocessing;
(iii) partitioning data into training and validation sets; (iv)
model structure; and (v) training hyperparameters.

This configuration file is used when the trained model is
used for inference, to ensure that the same image prepro-
cessing is done during inference as during training.

iii. Preprocessing

The configuration file defines which preprocessing steps
are applied during training. Several preprocessing steps
were included. Cropping preprocessing steps were per-
formed to remove surrounding air for localization training
and to crop out a bounding box defined by pelvic bones,
urinary bladder, rectum and prostate for segmentation. A
fixed intensity normalization step was performed by sub-
traction of a fixed value and then division by another fixed
value, where the values are chosen so that on average the
intensities of voxels in the images have a mean intensity 0
and a standard deviation 1. Images were also reshaped to a
fixed size by resampling. For localization, the resolution in
each direction decreased by a factor of 4 for an image with
median sizes in each direction. For high-resolution segmen-
tation the resolution does not change for an image with
median sizes in each dimension. Other preprocessing steps
included one-hot-encoding of segmentation labels, segmen-
tation label reweighting as defined in section iv. “Optimi-
zation”, below, and data augmentation, as defined in section
iv. “Optimization”, below.

Some preprocessing steps are performed offline in order
to speed up the training, resulting in preprocessed data sets.
The config.json that belongs to the training only defines
those preprocessing steps that are done online.

For localization training, the preprocessing steps for the
offline preprocessing is stored in a separate file meta_data/
prep_config.json in the trained CNN directory.

iv. Optimization

The loss function used for training is voxel-wise categori-
cal cross entropy, weighted such that all voxel belonging to
one class (in the true labeling) together have the same weight
as all voxels belonging to any other class (when the label
frequencies equal the median frequencies across the data
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set). This approach balances the classes and is important for
prostate segmentation since the prostate is very small in
comparison to, e.g., the background.

The loss is optimized using mini-batch descent with the
Adam optimizer for around 2000-3000 epochs. The batch
size equals 1. A batch size of 1 means that batch normal-
ization turns into instance normalization (since the batch is
only one sample). For improved performance, instance
normalization is enforced also during inference.

The learning rate is determined by a learning rate sched-
ule with a very low learning rate (e.g., 1x107°) for the first
few epochs, then decreasing in steps from a high learning
rate (e.g. 1x1073). After 250 epochs the learning rate is
halved, then halved again after 500 more epochs, then
halved again after 1000 more epochs. To decrease overfit-
ting, dropout is used. Dropout rates vary between 0.2 and 0.5
for different networks (but the rate same in all places where
it is applied for a given network, as shown, for example, in
FIG. 13 and FIG. 14). Appropriate rates of dropout are based
on experience from multiple trainings and how it affects the
difference in performance on training and validation sets.

A training approach where the training image data is
augmented by adding random distortions was used prevent
the neural networks from focusing on fine details in the
images. Training the neural networks (e.g., the localization
CNN and segmentation CNN) in this manner allows them to
handle (e.g., perform effective localization and/or segmen-
tation of) images with image artifacts that are not present or
not common in the training data.

The random distortions added to augment the training
data include additive or multiplicative noise and added
smoothed salt noise. These random distortions are applied
independently with certain probabilities. These random dis-
tortions are scheduled to be not used for the first few
hundred epochs so that the network first learns to handle
images without artifacts, then the noise level is gradually
increased. The intensity distortions are only applied to the
100 high-quality CT images, not the 73 low-quality images
since they already have artifacts.

The localization CNN is trained to handle (e.g., receive as
input) whole-body images as well as different partial-body
images. To this end, augmentation with random crops of the
image (always keeping the entire pelvic bounding box) is
used.

v. Computational Resources

The localization trainings were done on a Nvidia GeForce
GTX 1050, where a training took a few hours.

The high resolution segmentation trainings were done on
a Nvidia GeForce GTX 1080 Ti, where training took 2-3
days.

vi. Model Selection

To optimize neural network structures and select hyper
parameters for the training it is necessary to have metrics
measuring performance. The main metric for evaluating the
progress of training is Sorensen-Dice score (referred to
hereafter as “Dice score”): the weighted score (weighting
described above in section iv. “Optimization”) or the score
for individual body parts (prostate or left gluteus maximus).

When aggregating results over multiple images, most
often averages of evaluated Dice scores are used (e.g., as
metrics). In certain cases, a frequency of images with Dice
scores below a certain level is used.

For each localization training run, the model that had best
average weighted Dice score for the training images was
selected. For segmentation trainings used to train the seg-
mentation neural network to segment the prostate, the Dice
score for prostate was used as a basis for selection. For
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segmentation trainings used to train the segmentation neural
network to segment the left gluteus maximus the Dice score
for left gluteus maximus was a basis for selection. For
segmentation trainings with auxiliary predictions, the Dice
scores were based on the prediction from the main output—
that is, the output which is present also when there are no
auxiliary predictions.

When training the localization CNN, 30% of the 90 CT
images were reserved for validation, such that performance
of the localization CNN could be evaluated using images
that it was not trained on. To train the segmentation CNN for
high-resolution prostate segmentation, 23 of the low-quality
CT images were set aside for validation, such that only 50
of the low quality images were used in training (resulting in
150 CT images for training in total).

Metrics corresponding to a precision in cropping was used
when selecting between different localization trainings.
Cropping precision was evaluated based on several metrics/
aspects. In particular, one metric was that as few images as
possible of the 90 training and validation images should
need a crop margin above 0.1 to encompass the entire pelvic
bones. Another metric was that an error in distance to the
bounding box walls should be as small as possible (evalu-
ated by looking at box plots of errors). Another metric was
that on 102 low-quality CT images (without ground truth
segmentations available), 2D projections of them with the
coarse segmentation and final bounding box overlaid should
show good agreement between segmentation and anatomy,
especially that the appropriate region was covered.

When selecting between different high-resolution seg-
mentation trainings, the following metrics/aspects were con-
sidered: (i) Dice scores for training and validation data; (ii)
precision and recall for prostate for training and validation
data; (iii) overlap between ground-truth bladder and pre-
dicted prostate; and (iv) examples of segmentations overlaid
on CT-images in a CT image viewer where one can scroll
through the slices in the sagittal, axial and coronal planes.

Accordingly, this example provides an example of an
approach that can be used to train neural network models
used in the localization machine learning module (first
machine learning module) and segmentation machine learn-
ing modules (second machine learning module and any
auxiliary segmentation machine learning modules)
described herein.

M. Imaging Agents

In certain embodiments, 3D functional images are nuclear
medicine images that use imaging agents comprising radio-
pharmaceuticals. Nuclear medicine images are obtained
following administration of a radiopharmaceutical to a
patient, and provide information regarding the distribution
of the radiopharmaceutical within the patient. Radiophar-
maceuticals are compounds that comprise a radionuclide.

Nuclear medicine images (e.g., PET scans; e.g., SPECT
scans; e.g., whole-body scans; e.g. composite PET-CT
images; e.g., composite SPECT-CT images) detect radiation
emitted from the radionuclides of radiopharmaceuticals to
form an image. The distribution of a particular radiophar-
maceutical within a patient may be determined by biological
mechanisms such as blood flow or perfusion, as well as by
specific enzymatic or receptor binding interactions. Differ-
ent radiopharmaceuticals may be designed to take advantage
of different biological mechanisms and/or particular specific
enzymatic or receptor binding interactions and thus, when
administered to a patient, selectively concentrate within
particular types of tissue and/or regions within the patient.
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Greater amounts of radiation are emitted from regions
within the patient that have higher concentrations of radio-
pharmaceutical than other regions, such that these regions
appear brighter in nuclear medicine images. Accordingly,
intensity variations within a nuclear medicine image can be
used to map the distribution of radiopharmaceutical within
the patient. This mapped distribution of radiopharmaceutical
within the patient can be used to, for example, infer the
presence of cancerous tissue within various regions of the
patient’s body.

For example, upon administration to a patient, technetium
99m methylenediphosphonate (°°”Tc MDP) selectively
accumulates within the skeletal region of the patient, in
particular at sites with abnormal osteogenesis associated
with malignant bone lesions. The selective concentration of
radiopharmaceutical at these sites produces identifiable hot-
spots—localized regions of high intensity in nuclear medi-
cine images. Accordingly, presence of malignant bone
lesions associated with metastatic prostate cancer can be
inferred by identifying such hotspots within a whole-body
scan of the patient. Risk indices that correlate with patient
overall survival and other prognostic metrics indicative of
disease state, progression, treatment efficacy, and the like,
can be computed based on automated analysis of intensity
variations in whole-body scans obtained following admin-
istration of *”"Tc MDP to a patient. In certain embodiments,
other radiopharmaceuticals can also be used in a similar
fashion to **"Tc MDP.

In certain embodiments, the particular radiopharmaceuti-
cal used depends on the particular nuclear medicine imaging
modality used. For example '*F sodium fluoride (NaF) also
accumulates in bone lesions, similar to " Tc MDP, but can
be used with PET imaging. In certain embodiments, PET
imaging may also utilize a radioactive form of the vitamin
choline, which is readily absorbed by prostate cancer cells.

In certain embodiments, radiopharmaceuticals that selec-
tively bind to particular proteins or receptors of interest—
particularly those whose expression is increased in cancer-
ous tissue may be used. Such proteins or receptors of interest
include, but are not limited to tumor antigens, such as CEA,
which is expressed in colorectal carcinomas, Her2/neu,
which is expressed in multiple cancers, BRCA 1 and BRCA
2, expressed in breast and ovarian cancers; and TRP-1 and
-2, expressed in melanoma.

For example, human prostate-specific membrane antigen
(PSMA) is upregulated in prostate cancer, including meta-
static disease. PSMA is expressed by virtually all prostate
cancers and its expression is further increased in poorly
differentiated, metastatic and hormone refractory carcino-
mas. Accordingly, radiopharmaceuticals corresponding to
PSMA binding agents (e.g., compounds that a high affinity
to PSMA) labelled with one or more radionuclide(s) can be
used to obtain nuclear medicine images of a patient from
which the presence and/or state of prostate cancer within a
variety of regions (e.g., including, but not limited to skeletal
regions) of the patient can be assessed. In certain embodi-
ments, nuclear medicine images obtained using PSMA
binding agents are used to identify the presence of cancerous
tissue within the prostate, when the disease is in a localized
state. In certain embodiments, nuclear medicine images
obtained using radiopharmaceuticals comprising PSMA
binding agents are used to identify the presence of cancerous
tissue within a variety of regions that include not only the
prostate, but also other organs and tissue regions such as
lungs, lymph nodes, and bones, as is relevant when the
disease is metastatic.
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In particular, upon administration to a patient, radionu-
clide labelled PSMA binding agents selectively accumulate
within cancerous tissue, based on their affinity to PSMA. In
a similar manner to that described above with regard to
99mTe MDP, the selective concentration of radionuclide
labelled PSMA binding agents at particular sites within the
patient produces detectable hotspots in nuclear medicine
images. As PSMA binding agents concentrate within a
variety of cancerous tissues and regions of the body express-
ing PSMA, localized cancer within a prostate of the patient
and/or metastatic cancer in various regions of the patient’s
body can be detected, and evaluated. As described in the
following, risk indices that correlate with patient overall
survival and other prognostic metrics indicative of disease
state, progression, treatment efficacy, and the like, can be
computed based on automated analysis of intensity varia-
tions in nuclear medicine images obtained following admin-
istration of a PSMA binding agent radiopharmaceutical to a
patient.

A variety of radionuclide labelled PSMA binding agents
may be used as radiopharmaceutical imaging agents for
nuclear medicine imaging to detect and evaluate prostate
cancer. In certain embodiments, the particular radionuclide
labelled PSMA binding agent that is used depends on factors
such as the particular imaging modality (e.g., PET; e.g.,
SPECT) and the particular regions (e.g., organs) of the
patient to be imaged. For example, certain radionuclide
labelled PSMA binding agents are suited for PET imaging,
while others are suited for SPECT imaging. For example,
certain radionuclide labelled PSMA binding agents facilitate
imaging a prostate of the patient, and are used primarily
when the disease is localized, while others facilitate imaging
organs and regions throughout the patient’s body, and are
useful for evaluating metastatic prostate cancer.

A variety of PSMA binding agents and radionuclide
labelled versions thereof are described in U.S. Pat. Nos.
8,778,305, 8,211,401, and 8,962,799, each of which are
incorporated herein by reference in their entireties.

i. PET Imaging Radionuclide Labelled PSMA Binding
Agents

In certain embodiments, the radionuclide labelled PSMA
binding agent is a radionuclide labelled PSM A binding agent
appropriate for PET imaging.

In certain embodiments, the radionuclide labelled PSMA
binding agent comprises [18F]DCFPyL (also referred to as
PyL™; also referred to as DCFPyL-18F):

[18F]DCFPyL

OH
18p

0}

HO )k
N N
\[(\H N

(6] (6]

OH,

or a pharmaceutically acceptable salt thereof.
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In certain embodiments, the radionuclide labelled PSMA
binding agent comprises [18F]DCFBC:

[18F]DCFBC
]8F

Q 10
HO A )k OH,
N N
Y
0 0

15
or a pharmaceutically acceptable salt thereof.

In certain embodiments, the radionuclide labelled PSMA

binding agent comprises %*Ga-PSMA-HBED-CC (also
referred to as **Ga-PSMA-11):

i

83Ga-PSMA-HBED-CC
oﬁ/o; -

HO.

HO

or a pharmaceutically acceptable salt thereof.

40
In certain embodiments, the radionuclide labelled PSMA
binding agent comprises PSMA-617:

PSMA-617 43
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or a pharmaceutically acceptable salt thereof. In certain
embodiments, the radionuclide labelled PSMA binding
agent comprises °*Ga-PSMA-617, which is PSMA-617
labelled with ®®*Ga, or a pharmaceutically acceptable salt
thereof. In certain embodiments, the radionuclide labelled
PSMA binding agent comprises '”’Lu-PSMA-617, which is
PSMA-617 labelled with '"’Lu, or a pharmaceutically
acceptable salt thereof.

In certain embodiments, the radionuclide labelled PSMA
binding agent comprises PSMA-I&T:

OH

62

5

PSMA-I&T
OH

O, OH

(6] N 6]
)k/H I
N
N Y N

HO

PSMA-I&T

or a pharmaceutically acceptable salt thereof. In certain
embodiments, the radionuclide labelled PSMA binding
agent comprises °*Ga-PSMA-I&T, which is PSMA-1&T
labelled with ®®*Ga, or a pharmaceutically acceptable salt
thereof.

In certain embodiments, the radionuclide labelled PSMA
binding agent comprises PSMA-1007:

Sope
5

e

O

f]

or a pharmaceutically acceptable salt thereof. In certain
embodiments, the radionuclide labelled PSMA binding
agent comprises ‘*F-PSMA-1007, which is PSMA-1007
labelled with '®F, or a pharmaceutically acceptable salt
thereof.
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ii. SPECT Imaging Radionuclide Labelled PSMA Bind- In certain embodiments, the radionuclide labelled PSMA
ing Agents binding agent comprises 1427 (also referred to as MIP-
In certain embodiments, the radionuclide labelled PSMA 1427):

binding agent is a radionuclide labelled PSMA binding agent
appropriate for SPECT imaging.

In certain embodiments, the radionuclide labelled PSMA
binding agent comprises 1404 (also referred to as MIP-

1404):
10
1427
0

1404 OH

OH 15
0 //Q
g <
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or a pharmaceutically acceptable salt thereof.

or a pharmaceutically acceptable salt thereof. 35 ] ) ) )
. bodi he radi lide Iabelled In certain embodiments, the radionuclide labelled PSMA
In certain embodiments, the radionuclide labelled PSMA binding agent comprises 1428 (also referred to as MIP-

binding agent comprises 1405 (also referred to as MIP- 1428).
1405): '
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In certain embodiments, the PSMA binding agent is (Lu)(e.g., *"Lu); e.g., a radioisotope of gallium (Ga) (e.g.,
labelled with a radionuclide by chelating it to a radioisotope %8Ga; e.g., “’Ga); e.g., a radioisotope of indium (e.g., *''In);
of a metal [e.g., a radioisotope of technetium (Tc) (e.g., e.g., a radioisotope of copper (Cu) (e.g., °’Cu)] to form a
technetium-99m (°*"Tc)); e.g., a radioisotope of rhenium compound having a structure similar to the structure shown
(Re) (e.g., thenium-188 (***Re); e.g., thenium-186 (**°Re)); > above for 99mTc-MIP-1404, with the other metal radioiso-
e.g., a radioisotope of yttrium (Y) (e.g., °°Y); e.g., a radio- tope substituted for 7" Tc.
isotope of lutetium (Lu) (e.g., 7’Lu); e.g., a radioisotope of In certain embodiments, 1405 is labelled with a radionu-

clide (e.g., chelated to a radioisotope of a metal). In certain
embodiments, the radionuclide labelled PSMA binding
agent comprises *°"Tc-MIP-1405, which is 1405 labelled
with (e.g., chelated to)**"'Tc:

gallium (Ga) (e.g., ®*Ga; e.g., “’Ga); e.g., a radioisotope of
indium (e.g., '*'In); e.g., a radioisotope of copper (Cu) (e.g., 10
57Cu)].

In certain embodiments, 1404 is labelled with a radionu-
clide (e.g., chelated to a radioisotope of a metal). In certain
embodiments, the radionuclide labelled PSMA binding

99mT . _ _
agent comprises *°"Tc-MIP-1404, which is 1404 labelled 15 Te-MIP-1405

with (e.g., chelated to)”*"Tc: HO\(O
N N
NH; 7
20 \
o ﬁ- Z. 99\’;‘Tc(CO)3
99mTe-MIP-1404 '
NH N

I : 2
OH H‘\OH 25 OH N /

o)\/ N\EO/=\ 0 OJ/iOH

N HO. J\ OH

COOH 7 B A
0, 0, ® 30 0 0
OH N N%- PRTe(CO),
(0] = N,
HO. J\ OH N\} . .

NN i 35 or a pharmaceutically acceptable salt thereof. In certain
0 o N OH embodiments, 1405 may be chelated to other metal radio-
/\“/ isotopes [e.g., a radioisotope of rhenium (Re) (e.g., rhenium-
HO 0 188 (**¥Re); e.g., rhenium-186 (**°Re)); e.g., a radioisotope
5 0 of yttrium (Y) (e.g., °°Y); e.g., a radioisotope of lutetium

(Lu)(e.g., *"Lu); e.g., a radioisotope of gallium (Ga) (e.g.,
%%Ga; e.g., “’Ga); e.g., a radioisotope of indium (e.g., **'In);
e.g., a radioisotope of copper (Cu) (e.g., ®’Cu)] to form a
compound having a structure similar to the structure shown
or a pharmaceutically acceptable salt thereof. In certain 5 above for 99mTe-MIP-1405, with the other metal radioiso-

embodiments, 1404 may be chelated to other metal radio- tope substituted for *™Tc.

isotopes [e.g., a radioisotope of rhenium (Re) (e.g., rhenium- In certain embodiments, 1427 is labelled with (e.g.,
188 (***Re); e.g., thenium-186 (**°Re)); e.g., a radioisotope chelated to) a radioisotope of a metal, to form a compound
of yttrium (Y) (e.g., °°Y); e.g., a radioisotope of lutetium according to the formula below:

1427
OH
o%/ ! \
N:(N
H \
o] OH o) N
Y\/¥N M*(CO); chelated to a metal,
COH N/
= O =
H (6]
HO )k OH )\/N\}
R
H H
HO
0 0
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or a pharmaceutically acceptable salt thereof, wherein M
is a metal radioisotope [e.g., a radioisotope of technetium
(Tc) (e.g., technetium-99m (°*°™Tc)); e.g., a radioisotope of
rhenium (Re) (e.g., rhenium-188 '**Re); (e.g., rhenium-186
(*®5Re)); e.g., a radioisotope of yttrium (Y) (e.g., °°Y); e.g.,
a radioisotope of lutetium (Lu)(e.g., }”"Lu); e.g., a radio-
isotope of gallium (Ga) (e.g., ®*Ga; e.g., °’Ga); eg., a
radioisotope of indium (e.g., *''In); e.g., a radioisotope of
copper (Cu) (e.g., ’Cu)] with which 1427 is labelled.

In certain embodiments, 1428 is labelled with (e.g.,
chelated to) a radioisotope of a metal, to form a compound
according to the formula below:

68
or a pharmaceutically acceptable salt thereof. In certain
embodiments, the radionuclide labelled PSMA binding
agent comprises °"Tc-PSMA 1&S, which is PSMA 1&S
labelled with ®*"Tc, or a pharmaceutically acceptable salt
thereof.

N. Computer System and Network Architecture

As shown in FIG. 36, an implementation of a network
environment 3600 for use in providing systems, methods,
and architectures described herein is shown and described.
In brief overview, referring now to FIG. 36, a block diagram
of an exemplary cloud computing environment 3600 is
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shown and described. The cloud computing environment
3600 may include one or more resource providers 3602a,
36025, 3602¢ (collectively, 3602). Each resource provider
3602 may include computing resources. In some implemen-
tations, computing resources may include any hardware
and/or software used to process data. For example, comput-
ing resources may include hardware and/or software capable
of executing algorithms, computer programs, and/or com-
puter applications. In some implementations, exemplary
computing resources may include application servers and/or
databases with storage and retrieval capabilities. Each
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resource provider 3602 may be connected to any other
resource provider 3602 in the cloud computing environment
3600. In some implementations, the resource providers 3602
may be connected over a computer network 3608. Each
resource provider 3602 may be connected to one or more
computing device 3604a, 36045, 3604c (collectively, 3604),
over the computer network 3608.

The cloud computing environment 3600 may include a
resource manager 3606. The resource manager 3606 may be
connected to the resource providers 3602 and the computing
devices 3604 over the computer network 3608. In some
implementations, the resource manager 3606 may facilitate
the provision of computing resources by one or more
resource providers 3602 to one or more computing devices
3604. The resource manager 3606 may receive a request for
a computing resource from a particular computing device
3604. The resource manager 3606 may identify one or more
resource providers 3602 capable of providing the computing
resource requested by the computing device 3604. The
resource manager 3606 may select a resource provider 3602
to provide the computing resource. The resource manager
3606 may facilitate a connection between the resource
provider 3602 and a particular computing device 3604. In
some implementations, the resource manager 3606 may
establish a connection between a particular resource pro-
vider 3602 and a particular computing device 3604. In some
implementations, the resource manager 3606 may redirect a
particular computing device 3604 to a particular resource
provider 3602 with the requested computing resource.

FIG. 37 shows an example of a computing device 3700
and a mobile computing device 3750 that can be used to
implement the techniques described in this disclosure. The
computing device 3700 is intended to represent various
forms of digital computers, such as laptops, desktops, work-
stations, personal digital assistants, servers, blade servers,
mainframes, and other appropriate computers. The mobile
computing device 3750 is intended to represent various
forms of mobile devices, such as personal digital assistants,
cellular telephones, smart-phones, and other similar com-
puting devices. The components shown here, their connec-
tions and relationships, and their functions, are meant to be
examples only, and are not meant to be limiting.

The computing device 3700 includes a processor 3702, a
memory 3704, a storage device 3706, a high-speed interface
3708 connecting to the memory 3704 and multiple high-
speed expansion ports 3710, and a low-speed interface 3712
connecting to a low-speed expansion port 3714 and the
storage device 3706. Each of the processor 3702, the
memory 3704, the storage device 3706, the high-speed
interface 3708, the high-speed expansion ports 3710, and the
low-speed interface 3712, are interconnected using various
busses, and may be mounted on a common motherboard or
in other manners as appropriate. The processor 3702 can
process instructions for execution within the computing
device 3700, including instructions stored in the memory
3704 or on the storage device 3706 to display graphical
information for a GUI on an external input/output device,
such as a display 3716 coupled to the high-speed interface
3708. In other implementations, multiple processors and/or
multiple buses may be used, as appropriate, along with
multiple memories and types of memory. Also, multiple
computing devices may be connected, with each device
providing portions of the necessary operations (e.g., as a
server bank, a group of blade servers, or a multi-processor
system). Thus, as the term is used herein, where a plurality
of functions are described as being performed by “a pro-
cessor”, this encompasses embodiments wherein the plural-
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ity of functions are performed by any number of processors
(one or more) of any number of computing devices (one or
more). Furthermore, where a function is described as being
performed by “a processor”, this encompasses embodiments
wherein the function is performed by any number of pro-
cessors (one or more) of any number of computing devices
(one or more) (e.g., in a distributed computing system).

The memory 3704 stores information within the comput-
ing device 3700. In some implementations, the memory
3704 is a volatile memory unit or units. In some implemen-
tations, the memory 3704 is a non-volatile memory unit or
units. The memory 3704 may also be another form of
computer-readable medium, such as a magnetic or optical
disk.

The storage device 3706 is capable of providing mass
storage for the computing device 3700. In some implemen-
tations, the storage device 3706 may be or contain a com-
puter-readable medium, such as a floppy disk device, a hard
disk device, an optical disk device, or a tape device, a flash
memory or other similar solid state memory device, or an
array of devices, including devices in a storage area network
or other configurations. Instructions can be stored in an
information carrier. The instructions, when executed by one
or more processing devices (for example, processor 3702),
perform one or more methods, such as those described
above. The instructions can also be stored by one or more
storage devices such as computer- or machine-readable
mediums (for example, the memory 3704, the storage device
3706, or memory on the processor 3702).

The high-speed interface 3708 manages bandwidth-inten-
sive operations for the computing device 3700, while the
low-speed interface 3712 manages lower bandwidth-inten-
sive operations. Such allocation of functions is an example
only. In some implementations, the high-speed interface
3708 is coupled to the memory 3704, the display 3716 (e.g.,
through a graphics processor or accelerator), and to the
high-speed expansion ports 3710, which may accept various
expansion cards (not shown). In the implementation, the
low-speed interface 3712 is coupled to the storage device
3706 and the low-speed expansion port 3714. The low-speed
expansion port 3714, which may include various commu-
nication ports (e.g., USB, Bluetooth®, Ethernet, wireless
Ethernet) may be coupled to one or more input/output
devices, such as a keyboard, a pointing device, a scanner, or
a networking device such as a switch or router, e.g., through
a network adapter.

The computing device 3700 may be implemented in a
number of different forms, as shown in the figure. For
example, it may be implemented as a standard server 3720,
or multiple times in a group of such servers. In addition, it
may be implemented in a personal computer such as a laptop
computer 3722. It may also be implemented as part of a rack
server system 3724. Alternatively, components from the
computing device 3700 may be combined with other com-
ponents in a mobile device (not shown), such as a mobile
computing device 3750. Each of such devices may contain
one or more of the computing device 3700 and the mobile
computing device 3750, and an entire system may be made
up of multiple computing devices communicating with each
other.

The mobile computing device 3750 includes a processor
3752, a memory 3764, an input/output device such as a
display 3754, a communication interface 3766, and a trans-
ceiver 3768, among other components. The mobile comput-
ing device 3750 may also be provided with a storage device,
such as a micro-drive or other device, to provide additional
storage. Each of the processor 3752, the memory 3764, the
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display 3754, the communication interface 3766, and the
transceiver 3768, are interconnected using various buses,
and several of the components may be mounted on a
common motherboard or in other manners as appropriate.

The processor 3752 can execute instructions within the
mobile computing device 3750, including instructions stored
in the memory 3764. The processor 3752 may be imple-
mented as a chipset of chips that include separate and
multiple analog and digital processors. The processor 3752
may provide, for example, for coordination of the other
components of the mobile computing device 3750, such as
control of user interfaces, applications run by the mobile
computing device 3750, and wireless communication by the
mobile computing device 3750.

The processor 3752 may communicate with a user
through a control interface 3758 and a display interface 3756
coupled to the display 3754. The display 3754 may be, for
example, a TFT (Thin-Film-Transistor Liquid Crystal Dis-
play) display or an OLED (Organic Light Emitting Diode)
display, or other appropriate display technology. The display
interface 3756 may comprise appropriate circuitry for driv-
ing the display 3754 to present graphical and other infor-
mation to a user. The control interface 3758 may receive
commands from a user and convert them for submission to
the processor 3752. In addition, an external interface 3762
may provide communication with the processor 3752, so as
to enable near area communication of the mobile computing
device 3750 with other devices. The external interface 3762
may provide, for example, for wired communication in some
implementations, or for wireless communication in other
implementations, and multiple interfaces may also be used.

The memory 3764 stores information within the mobile
computing device 3750. The memory 3764 can be imple-
mented as one or more of a computer-readable medium or
media, a volatile memory unit or units, or a non-volatile
memory unit or units. An expansion memory 3774 may also
be provided and connected to the mobile computing device
3750 through an expansion interface 3772, which may
include, for example, a SIMM (Single In Line Memory
Module) card interface. The expansion memory 3774 may
provide extra storage space for the mobile computing device
3750, or may also store applications or other information for
the mobile computing device 3750. Specifically, the expan-
sion memory 3774 may include instructions to carry out or
supplement the processes described above, and may include
secure information also. Thus, for example, the expansion
memory 3774 may be provide as a security module for the
mobile computing device 3750, and may be programmed
with instructions that permit secure use of the mobile
computing device 3750. In addition, secure applications may
be provided via the SIMM cards, along with additional
information, such as placing identifying information on the
SIMM card in a non-hackable manner.

The memory may include, for example, flash memory
and/or NVRAM memory (non-volatile random access
memory), as discussed below. In some implementations,
instructions are stored in an information carrier. that the
instructions, when executed by one or more processing
devices (for example, processor 3752), perform one or more
methods, such as those described above. The instructions
can also be stored by one or more storage devices, such as
one or more computer- or machine-readable mediums (for
example, the memory 3764, the expansion memory 3774, or
memory on the processor 3752). In some implementations,
the instructions can be received in a propagated signal, for
example, over the transceiver 3768 or the external interface
3762.
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The mobile computing device 3750 may communicate
wirelessly through the communication interface 3766, which
may include digital signal processing circuitry where nec-
essary. The communication interface 3766 may provide for
communications under various modes or protocols, such as
GSM voice calls (Global System for Mobile communica-
tions), SMS (Short Message Service), EMS (Enhanced
Messaging Service), or MMS messaging (Multimedia Mes-
saging Service), CDMA (code division multiple access),
TDMA (time division multiple access), PDC (Personal
Digital Cellular), WCDMA (Wideband Code Division Mul-
tiple Access), CDMA2000, or GPRS (General Packet Radio
Service), among others. Such communication may occur, for
example, through the transceiver 3768 using a radio-fre-
quency. In addition, short-range communication may occur,
such as using a Bluetooth®, Wi-Fi™, or other such trans-
ceiver (not shown). In addition, a GPS (Global Positioning
System) receiver module 3770 may provide additional navi-
gation- and location-related wireless data to the mobile
computing device 3750, which may be used as appropriate
by applications running on the mobile computing device
3750.

The mobile computing device 3750 may also communi-
cate audibly using an audio codec 3760, which may receive
spoken information from a user and convert it to usable
digital information. The audio codec 3760 may likewise
generate audible sound for a user, such as through a speaker,
e.g., in a handset of the mobile computing device 3750. Such
sound may include sound from voice telephone calls, may
include recorded sound (e.g., voice messages, music files,
etc.) and may also include sound generated by applications
operating on the mobile computing device 3750.

The mobile computing device 3750 may be implemented
in a number of different forms, as shown in the figure. For
example, it may be implemented as a cellular telephone
3780. It may also be implemented as part of a smart-phone
3782, personal digital assistant, or other similar mobile
device.

Various implementations of the systems and techniques
described here can be realized in digital electronic circuitry,
integrated circuitry, specially designed ASICs (application
specific integrated circuits), computer hardware, firmware,
software, and/or combinations thereof. These various imple-
mentations can include implementation in one or more
computer programs that are executable and/or interpretable
on a programmable system including at least one program-
mable processor, which may be special or general purpose,
coupled to receive data and instructions from, and to trans-
mit data and instructions to, a storage system, at least one
input device, and at least one output device.

These computer programs (also known as programs,
software, software applications or code) include machine
instructions for a programmable processor, and can be
implemented in a high-level procedural and/or object-ori-
ented programming language, and/or in assembly/machine
language. As used herein, the terms machine-readable
medium and computer-readable medium refer to any com-
puter program product, apparatus and/or device (e.g., mag-
netic discs, optical disks, memory, Programmable Logic
Devices (PLDs)) used to provide machine instructions and/
or data to a programmable processor, including a machine-
readable medium that receives machine instructions as a
machine-readable signal. The term machine-readable signal
refers to any signal used to provide machine instructions
and/or data to a programmable processor.

To provide for interaction with a user, the systems and
techniques described here can be implemented on a com-
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puter having a display device (e.g., a CRT (cathode ray tube)
or LCD (liquid crystal display) monitor) for displaying
information to the user and a keyboard and a pointing device
(e.g., a mouse or a trackball) by which the user can provide
input to the computer. Other kinds of devices can be used to
provide for interaction with a user as well; for example,
feedback provided to the user can be any form of sensory
feedback (e.g., visual feedback, auditory feedback, or tactile
feedback); and input from the user can be received in any
form, including acoustic, speech, or tactile input.

The systems and techniques described here can be imple-
mented in a computing system that includes a back end
component (e.g., as a data server), or that includes a middle-
ware component (e.g., an application server), or that
includes a front end component (e.g., a client computer
having a graphical user interface or a Web browser through
which a user can interact with an implementation of the
systems and techniques described here), or any combination
of'such back end, middleware, or front end components. The
components of the system can be interconnected by any
form or medium of digital data communication (e.g., a
communication network). Examples of communication net-
works include a local area network (LAN), a wide area
network (WAN), and the Internet.

The computing system can include clients and servers. A
client and server are generally remote from each other and
typically interact through a communication network. The
relationship of client and server arises by virtue of computer
programs running on the respective computers and having a
client-server relationship to each other.

In some implementations, the various modules described
herein can be separated, combined or incorporated into
single or combined modules. The modules depicted in the
figures are not intended to limit the systems described herein
to the software architectures shown therein.

Elements of different implementations described herein
may be combined to form other implementations not spe-
cifically set forth above. Elements may be left out of the
processes, computer programs, databases, etc. described
herein without adversely affecting their operation. In addi-
tion, the logic flows depicted in the figures do not require the
particular order shown, or sequential order, to achieve
desirable results. Various separate elements may be com-
bined into one or more individual elements to perform the
functions described herein.

Throughout the description, where apparatus and systems
are described as having, including, or comprising specific
components, or where processes and methods are described
as having, including, or comprising specific steps, it is
contemplated that, additionally, there are apparatus, and
systems of the present invention that consist essentially of,
or consist of, the recited components, and that there are
processes and methods according to the present invention
that consist essentially of, or consist of, the recited process-
ing steps.

It should be understood that the order of steps or order for
performing certain action is immaterial so long as the
invention remains operable. Moreover, two or more steps or
actions may be conducted simultaneously.

While the invention has been particularly shown and
described with reference to specific preferred embodiments,
it should be understood by those skilled in the art that
various changes in form and detail may be made therein
without departing from the spirit and scope of the invention
as defined by the appended claims.
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What is claimed is:

1. A method for automatically processing 3D images to
identify 3D volumes within the 3D images that correspond
to a prostate of a subject and determining one or more uptake
metrics indicative of radiopharmaceutical uptake therein, the
method comprising:

(a) receiving, by a processor of a computing device, a 3D
anatomical image of the subject obtained using an
anatomical imaging modality, wherein the 3D anatomi-
cal image comprises a graphical representation of tissue
within a subject, at least a portion of which corresponds
to a pelvic region of the subject;

(b) receiving, by the processor, a 3D functional image of
the subject obtained using a functional imaging modal-
ity, 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 radiation emit-
ted from the particular physical volume, wherein at
least a portion of the plurality of voxels of the 3D
functional image represent physical volumes within the
pelvic region of the subject;

(c) determining, by the processor, using a first module, an
initial volume of interest (VOI) within the 3D anatomi-
cal image, the initial VOI corresponding to tissue
within the pelvic region of the subject and excluding
tissue outside the pelvic region of the subject;

(d) identifying, by the processor, using a second module,
a prostate volume within the initial VOI corresponding
to the prostate of the subject; and

(e) determining, by the processor, the one or more uptake
metrics using the 3D functional image and the prostate
volume identified within the initial VOI of the 3D
anatomical image, and

wherein the method comprises:

identifying, by the processor, a reference volume within
the 3D anatomical image, the reference volume corre-
sponding to a reference tissue region within the subject;
and

at step (e), determining at least one of the one or more
uptake metrics using the 3D functional image and the
reference volume identified within the 3D anatomical
image.

2. The method of claim 1, wherein the at least one of the
one or more uptake metrics determined using the 3D func-
tional image and the reference volume comprises a tumor to
background ratio (TBR) value, and wherein determining the
TBR value comprises:

determining a target intensity value using intensity values
of one or more voxels of the 3D functional image that
correspond to the prostate volume identified within the
initial VOI of the 3D anatomical image;

determining a background intensity value using intensity
values of one or more voxels of the 3D functional
image that correspond to the reference volume identi-
fied within the 3D anatomical image; and

determining, as the TBR value, a ratio of the target
intensity value to the background intensity value.

3. The method of claim 2, comprising determining a
prostate cancer status for the subject based on the TBR value
in comparison with one or more threshold values.

4. The method of claim 3, wherein the one or more
threshold values are determined using a plurality of refer-
ence TBR values, each reference TBR value associated with
a particular classification prostate cancer status.
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5. The method of claim 3, wherein the one or more
threshold values are determined using a receiver operating
characteristic (ROC) curve.

6. The method of claim 3, comprising determining the
prostate cancer status for the subject to be (i) clinically
significant if the TBR value is above a cutoft threshold or (ii)
clinically non-significant if the TBR value is below the
cutoff threshold.

7. The method of claim 1, the method comprising:

identifying, by the processor, a bladder volume within the

3D anatomical image corresponding to a bladder of the
subject; and

at step (e), correcting for cross-talk from the bladder using

intensities of voxels of the 3D functional image corre-
sponding to the identified bladder volume within the
3D anatomical image.

8. The method of claim 7, wherein correcting for cross-
talk from the bladder comprises:

determining one or more bladder intensity bleed functions

that model a contribution of intensity originating from
radiopharmaceutical within the bladder of the subject to
intensity of one or more voxels of the 3D functional
image corresponding to one or more regions of the 3D
anatomical image that are outside of the identified
bladder volume, wherein the one or more bladder
intensity bleed functions model said contribution as a
function of distance from the identified bladder vol-
ume; and

for each of one or more voxels of the 3D functional image

corresponding to the identified prostate volume within
the 3D anatomical image, adjusting an intensity of the
voxel for bladder cross-talk using the one or more
bladder intensity bleed functions.

9. The method of claim 1, comprising:

identifying, by the processor, a bladder volume within the

3D anatomical image corresponding to a bladder of the
subject;

determining, by the processor, a dilated bladder volume

by applying a morphological dilation operation to the
identified bladder volume; and

at step (e), determining the one or more uptake metrics

using intensity values of voxels of the 3D functional
image that (i) correspond to the prostate volume iden-
tified within the VOI of the 3D anatomical image, but
(i1) do not correspond to regions of the 3D anatomical
image within the dilated bladder volume.

10. The method of claim 1, wherein the 3D functional
image is a nuclear medicine image of the subject following
administration to the subject of the radiopharmaceutical.

11. The method of claim 10, wherein the radiopharma-
ceutical comprises a PSMA binding agent.

12. The method of claim 10, wherein the nuclear medicine
image is a single-photon emission computerized tomogra-
phy (SPECT) scan of the subject obtained following admin-
istration to the subject of the radiopharmaceutical.

13. The method of claim 10, wherein the radiopharma-
ceutical comprises” " Tc-MIP-1404.

14. The method of claim 1, the method comprising:

causing, by the processor, display of an interactive graphi-

cal user interface (GUI) for presentation to the user of
a visual representation of the 3D anatomical image
and/or the 3D functional image; and

(g) causing, by the processor, graphical rendering of,

within the GUI, the 3D anatomical image and/or the 3D
functional image as selectable and superimposable lay-
ers, such that either can be selected for display and
rendered separately, or both selected for display and
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rendered together by overlaying the 3D anatomical
image with the 3D functional image.
15. The method of claim 14, comprising causing display
of, within the GUI, text and/or graphics representing the one
or more uptake metrics determined in step (e) along with a
quality control graphical widget for guiding the user through
a quality control and reporting workflow for review and/or
updating of the one or more uptake metrics.
16. The method of claim 15, comprising:
receiving, via the quality control graphical widget, a user
input corresponding to an approval of automated deter-
mination of the one or more uptake metrics; and

responsive to the receipt of the user input corresponding
to the approval of the automated determination of the
one or more uptake metrics, generating, by the proces-
sor, a report for the subject comprising a representation
of the one or more automatically determined uptake
metrics.
17. The method of claim 15, comprising:
receiving, via the quality control graphical widget, a user
input corresponding to disapproval of automated deter-
mination of the one or more uptake metrics;

responsive to receipt of the user input corresponding to
the disapproval of the automated determination of the
one or more uptake metrics, causing, by the processor,
display of a voxel selection graphical element for user
selection of one or more voxels of the 3D functional
image for use in determining updated values of the one
or more uptake metrics;

receiving, via the voxel selection graphical element, the

user selection of one or more voxels of the 3D func-
tional image for use in determining updated values of
the one or more uptake metrics;
updating, by the processor, values of the one or more
uptake metrics using the user selected voxels; and

generating, by the processor, a report for the subject
comprising a representation of the one or more updated
uptake metrics.
18. The method of claim 15, comprising:
receiving, via the quality control graphical widget, a user
input corresponding to disapproval of automated deter-
mination of the one or more uptake metrics;

receiving, via the quality control graphical widget, a user
input corresponding to a rejection of quality control;
and

generating, by the processor, a report for the subject,

wherein the report comprises an identification of the
rejection of quality control.

19. The method of claim 14, wherein step (g) comprises
causing graphical rendering of a selectable and superimpos-
able segmentation layer comprising one or more identified
specific tissue volumes within the 3D anatomical image,
wherein upon selection of the segmentation layer for display,
graphics representing the one or more specific tissue vol-
umes are overlaid on the 3D anatomical image and/or the 3D
functional image.

20. The method of claim 19, wherein the one or more
specific tissue volumes comprise(s) the identified prostate
volume.

21. The method of claim 14, the method comprising, at
step (g), causing rendering of a 2D cross sectional view of
the 3D anatomical image and/or the 3D functional image
within an interactive 2D viewer, such that a position of the
2D cross sectional view is adjustable by the user.

22. The method of claim 14 the method comprising, at
step (g), causing rendering of an interactive 3D view of the
3D anatomical image and/or the 3D functional image.
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23. The method of claim 14, comprising causing display
of, within the GUI, a graphical element indicating a location
corresponding to a voxel of the identified prostate volume,
thereby facilitating user review and/or quality control of the
method.

24. The method of claim 1, wherein the first module
receives the 3D anatomical image as input and outputs a
plurality of coordinate values representing opposite corners
of a rectangular volume within the 3D anatomical image.

25. The method of claim 1, wherein step (c) comprises
determining, using the first module, a 3D pelvic bone mask
that identifies a volume of the 3D anatomical image corre-
sponding to pelvic bones of the subject.

26. The method of claim 1, wherein the first module is a
Convolutional Neural Network (CNN) module.

27. The method of claim 1, wherein step (d) comprises
using the second module to identify one or more additional
tissue volumes within the 3D anatomical image, each vol-
ume corresponding to a specific tissue region within the
subject, wherein the one or more additional tissue volumes
correspond(s) to one or more specific tissue regions selected
from the group consisting of:

a pelvic bone of the subject;

a bladder of the subject;

a rectum of the subject; and

a gluteal muscle of the subject.

28. The method of claim 27, wherein step (d) comprises
using the second module to identify a set of one or more base
tissue volumes, the one or more base tissue volumes com-
prising the identified prostate volume and the one or more
additional tissue volumes, and wherein the method further
comprises:

identifying, by the processor, using one or more auxiliary

modules, one or more auxiliary tissue volumes within
the 3D anatomical image, each auxiliary tissue volume
corresponding to a base tissue volume identified by the
second module; and

merging, by the processor, each auxiliary tissue volume

with the corresponding base tissue volume identified by
the second module.

29. The method of claim 1, wherein step (d) comprises
using the second module to classify each voxel within the
initial VOI as corresponding a particular tissue region of a
set of different tissue regions within the subject.

30. The method of claim 29, wherein classifying each
voxel within the initial VOI comprises:

determining, via the second module, for each of a plural-

ity of voxels within the initial VOI, a set of likelihood
values, wherein the set of likelihood values comprises,
for each of one or more tissue regions of the tissue
region set, a corresponding likelihood value that rep-
resents a likelihood that the voxel represents a physical
volume within the tissue region; and

for each of the plurality of voxels within the initial VOI,

classifying the voxel as corresponding to the particular
tissue region based on the set of likelihood values
determined for the voxel.

31. The method of claim 29, wherein the second module
receives as input the initial VOI and outputs a plurality of
values comprising, for each voxel within the initial VOI, at
least one of (i), (ii), and (iii) as follows:

a value classifying the voxel;

(ii) a set of likelihood values for the voxel; and

(iii) a value identifying the voxel as not corresponding to

any of a predetermined set of different tissue regions.
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32. The method of claim 29, wherein the set of different

tissue regions comprises one or more tissue regions selected
from the group consisting of:

the prostate of the subject;

a pelvic bone of the subject;

a bladder of the subject;

a rectum of the subject; and

a gluteal muscle f the subject.

33. The method of claim 1, the method comprising

determining, based on at least a portion of the one or more
uptake metrics, one or more diagnostic or prognostic values
for the subject.

34. The method of claim 33, wherein determining at least

one of the one or more diagnostic or prognostic values
comprises comparing an uptake metric to one or more
threshold value(s).

35. The method of claim 33, wherein at least one of the

one or more diagnostic or prognostic values estimates a risk
for clinically significant prostate cancer in the subject.

36. The method of claim 1, wherein voxels of the 3D

functional image are related to voxels of the 3D anatomical
image via a known relationship.

37. The method of claim 1, wherein the first module is a

first CNN (convolutional neural network) module and the
second module is a second CNN module, wherein the
second CNN module comprises a greater number of convo-
lutional filters than the first CNN module.

38. The method of claim 1, comprising performing steps

(a) and (c) for each of a plurality of 3D anatomical images
to determine a plurality of initial VOIs, each within one of
the plurality of 3D anatomical images, wherein a variability
in sizes of the initial VOIs is less than a variability in sizes
of the 3D anatomical images.

39. A system for automatically processing 3D images to

identify 3D volumes within the 3D images that correspond
to a prostate of a subject and determining one or more uptake
metrics indicative of radiopharmaceutical uptake therein, the
system comprising:

a processor; and

a memory having instructions stored thereon, wherein the
instructions, when executed by the processor, cause the
processor to:

(a) receive a 3D anatomical image of the subject
obtained using an anatomical imaging modality,
wherein the 3D anatomical image comprises a
graphical representation of tissue within a subject, at
least a portion of which corresponds to a pelvic
region of the subject;

(b) receive a 3D functional image of the subject
obtained using a functional imaging modality,
wherein the 3D functional image comprises a plu-
rality of voxels, each representing a particular physi-
cal volume within the subject and having an intensity
value that represents detected radiation emitted from
the particular physical volume, wherein at least a
portion of the plurality of voxels of the 3D functional
image represent physical volumes within the pelvic
region of the subject;

(c) determine, using a first module, an initial volume of
interest (VOI) within the 3D anatomical image, the
initial VOI corresponding to tissue within the pelvic
region of the subject and excluding tissue outside the
pelvic region of the subject;

(d) identity, using a second module, a prostate volume
within the initial VOI corresponding to the prostate
of the subject; and
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(e) determine the one or more uptake metrics using the
3D functional image and the prostate volume iden-
tified within the initial VOI of the 3D anatomical
image, and wherein the instructions, when executed
by the processor, cause the processor to:

identify a reference volume within the 3D anatomical
image, the reference volume corresponding to a
reference tissue region within the subject; and

at step (e), determine at least one of the one or more

80

plurality of voxels, each representing a particular
physical volume within the subject and having an
intensity value that represents detected radiation emit-
ted from the particular physical volume, wherein at
least a portion of the plurality of voxels of the 3D
functional image represent physical volumes within the
pelvic region of the subject;

(c) determining, by the processor, using a first module, an

initial volume of interest (VOI) within the 3D anatomi-

uptake metrics using the 3D functional image and the 10 cal image, the initial VOI corresponding to tissue
reference volume identified within the 3D anatomi- within the pelvic region of the subject and excluding
cal image. tissue outside the pelvic region of the subject;

40. A method for automatically processing 3D images to (d) identifying, by the processor, using a second module,
identify 3D volumes within the 3D images that correspond a prostate volume within the initial VOI corresponding
to a prostate of a subject and determining one or more uptake 15 to the prostate of the subject; and
metrics indicative of radiopharmaceutical uptake therein, the (e) determining, by the processor, the one or more uptake
method comprising: metrics using the 3D functional image and the prostate

(a) receiving, by a processor of a computing device, a 3D volume identified within the initial VOI of the 3D

anatomical image of the subject obtained using an anatomical image, and
anatomical imaging modality, wherein the 3D anatomi- 20 wherein the method further comprises:

cal image comprises a graphical representation of tissue
within a subject, at least a portion of which corresponds
to a pelvic region of the subject;

(b) receiving, by the processor, a 3D functional image of

identifying, by the processor, a bladder volume within the
3D anatomical image corresponding to a bladder of the
subject;

determining, by the processor, a dilated bladder volume

the subject obtained using a functional imaging modal- 25 by applying a morphological dilation operation to the
ity, wherein the 3D functional image comprises a identified bladder volume; and

plurality of voxels, each representing a particular at step (e), determining the one or more uptake metrics
physical volume within the subject and having an using intensity values of voxels of the 3D functional
intensity value that represents detected radiation emit- image that (i) correspond to the prostate volume iden-
ted from the particular physical volume, wherein at 30 tified within the VOI of the 3D anatomical image, but

least a portion of the plurality of voxels of the 3D
functional image represent physical volumes within the
pelvic region of the subject;

(c) determining, by the processor, using a first module, an
initial volume of interest (VOI) within the 3D anatomi-
cal image, the initial VOI corresponding to tissue
within the pelvic region of the subject and excluding
tissue outside the pelvic region of the subject;

(d) identifying, by the processor, using a second module,

(i1) do not correspond to regions of the 3D anatomical
image within the dilated bladder volume.

42. A method for automatically processing 3D images to
identify 3D volumes within the 3D images that correspond
to a prostate of a subject and determining one or more uptake
metrics indicative of radiopharmaceutical uptake therein, the
method comprising:

(a) receiving, by a processor of a computing device, a 3D

anatomical image of the subject obtained using an

a prostate volume within the initial VOI corresponding 40 anatomical imaging modality, wherein the 3D anatomi-
to the prostate of the subject; and cal image comprises a graphical representation of tissue

(e) determining, by the processor, the one or more uptake within a subject, at least a portion of which corresponds
metrics using the 3D functional image and the prostate to a pelvic region of the subject;
volume identified within the initial VOI of the 3D (b) receiving, by the processor, a 3D functional image of
anatomical image, and 45 the subject obtained using a functional imaging modal-

wherein the method further comprises: ity, wherein the 3D functional image comprises a
identifying, by the processor, a bladder volume within the plurality of voxels, each representing a particular
3D anatomical image corresponding to a bladder of the physical volume within the subject and having an
subject; and intensity value that represents detected radiation emit-
at step (e), correcting for cross-talk from the bladder using 50 ted from the particular physical volume, wherein at
intensities of voxels of the 3D functional image corre- least a portion of the plurality of voxels of the 3D
sponding to the identified bladder volume within the functional image represent physical volumes within the

3D anatomical image. pelvic region of the subject;

41. A method for automatically processing 3D images to (c) determining, by the processor, using a first module, an
identify 3D volumes within the 3D images that correspond 55 initial volume of interest (VOI) within the 3D anatomi-
to a prostate of a subject and determining one or more uptake cal image, the initial VOI corresponding to tissue
metrics indicative of radiopharmaceutical uptake therein, the within the pelvic region of the subject and excluding
method comprising: tissue outside the pelvic region of the subject;

(a) receiving, by a processor of a computing device, a 3D (d) identifying, by the processor, using a second module,
anatomical image of the subject obtained using an 60 a prostate volume within the initial VOI corresponding
anatomical imaging modality, wherein the 3D anatomi- to the prostate of the subject;
cal image comprises a graphical representation of tissue (e) determining, by the processor, the one or more uptake
within a subject, at least a portion of which corresponds metrics using the 3D functional image and the prostate
to a pelvic region of the subject; volume identified within the initial VOI of the 3D

(b) receiving, by the processor, a 3D functional image of 65 anatomical image;
the subject obtained using a functional imaging modal- causing, by the processor, display of an interactive graphi-
ity, wherein the 3D functional image comprises a cal user interface (GUI) for presentation to the user of
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a visual representation of the 3D anatomical image
and/or the 3D functional image; and

(g) causing, by the processor, graphical rendering of,
within the GUI, the 3D anatomical image and/or the 3D
functional image as selectable and superimposable lay-
ers, such that either can be selected for display and
rendered separately, or both selected for display and
rendered together by overlaying the 3D anatomical
image with the 3D functional image.

43. A method for automatically processing 3D images to
identify 3D volumes within the 3D images that correspond
to a prostate of a subject and determining one or more uptake
metrics indicative of radiopharmaceutical uptake therein, the
method comprising:

(a) receiving, by a processor of a computing device, a 3D
anatomical image of the subject obtained using an
anatomical imaging modality, wherein the 3D anatomi-
cal image comprises a graphical representation of tissue
within a subject, at least a portion of which corresponds
to a pelvic region of the subject;

(b) receiving, by the processor, a 3D functional image of
the subject obtained using a functional imaging modal-
ity, 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 radiation emit-
ted from the particular physical volume, wherein at
least a portion of the plurality of voxels of the 3D
functional image represent physical volumes within the
pelvic region of the subject;

(c) determining, by the processor, using a first module, an
initial volume of interest (VOI) within the 3D anatomi-
cal image, the initial VOI corresponding to tissue
within the pelvic region of the subject and excluding
tissue outside the pelvic region of the subject;

(d) identifying, by the processor, using a second module,
a prostate volume within the initial VOI corresponding
to the prostate of the subject; and

(e) determining, by the processor, the one or more uptake
metrics using the 3D functional image and the prostate
volume identified within the initial VOI of the 3D
anatomical image;

wherein step (d) comprises using the second module to
identify one or more additional tissue volumes within the 3D
anatomical image, each volume corresponding to a specific
tissue region within the subject, wherein the one or more
additional tissue volumes correspond(s) to one or more
specific tissue regions selected from the group consisting of:

a pelvic bone of the subject;

a bladder of the subject;

a rectum of the subject; and

a gluteal muscle of the subject; and
wherein the method further comprises:

identifying, by the processor, using one or more auxiliary
modules, one or more auxiliary tissue volumes within
the 3D anatomical image, each auxiliary tissue volume
corresponding to a base tissue volume identified by the
second module; and

merging, by the processor, each auxiliary tissue volume
with the corresponding base tissue volume identified by
the second module.

44. A method for automatically processing 3D images to
identify 3D volumes within the 3D images that correspond
to a prostate of a subject and determining one or more uptake
metrics indicative of radiopharmaceutical uptake therein, the
method comprising:
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(a) receiving, by a processor of a computing device, a 3D
anatomical image of the subject obtained using an
anatomical imaging modality, wherein the 3D anatomi-
cal image comprises a graphical representation of tissue
within a subject, at least a portion of which corresponds
to a pelvic region of the subject;

(b) receiving, by the processor, a 3D functional image of
the subject obtained using a functional imaging modal-
ity, 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 radiation emit-
ted from the particular physical volume, wherein at
least a portion of the plurality of voxels of the 3D
functional image represent physical volumes within the
pelvic region of the subject;

(c) determining, by the processor, using a first module, an
initial volume of interest (VOI) within the 3D anatomi-
cal image, the initial VOI corresponding to tissue
within the pelvic region of the subject and excluding
tissue outside the pelvic region of the subject;

(d) identifying, by the processor, using a second module,
a prostate volume within the initial VOI corresponding
to the prostate of the subject;

(e) determining, by the processor, the one or more uptake
metrics using the 3D functional image and the prostate
volume identified within the initial VOI of the 3D
anatomical image; and

determining, by the processor, based on at least a portion
of the one or more uptake metrics, one or more diag-
nostic or prognostic values for the subject, wherein for
at least one of the one or more diagnostic or prognostic
values said determining comprises comparing an
uptake metric to one or more threshold value(s).

45. A method for automatically processing 3D images to
identify 3D volumes within the 3D images that correspond
to a prostate of a subject and determining one or more uptake
metrics indicative of radiopharmaceutical uptake therein, the
method comprising:

(a) receiving, by a processor of a computing device, a 3D
anatomical image of the subject obtained using an
anatomical imaging modality, wherein the 3D anatomi-
cal image comprises a graphical representation of tissue
within a subject, at least a portion of which corresponds
to a pelvic region of the subject;

(b) receiving, by the processor, a 3D functional image of
the subject obtained using a functional imaging modal-
ity, 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 radiation emit-
ted from the particular physical volume, wherein at
least a portion of the plurality of voxels of the 3D
functional image represent physical volumes within the
pelvic region of the subject;

(c) determining, by the processor, using a first module, an
initial volume of interest (VOI) within the 3D anatomi-
cal image, the initial VOI corresponding to tissue
within the pelvic region of the subject and excluding
tissue outside the pelvic region of the subject;

(d) identifying, by the processor, using a second module,
a prostate volume within the initial VOI corresponding
to the prostate of the subject;

(e) determining, by the processor, the one or more uptake
metrics using the 3D functional image and the prostate
volume identified within the initial VOI of the 3D
anatomical image; and
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determining, by the processor, based on at least a portion
of the one or more uptake metrics, one or more diag-
nostic or prognostic values for the subject, wherein at
least one of the one or more diagnostic or prognostic
values estimates a risk for clinically significant prostate
cancer in the subject.
46. A method for automatically processing 3D images to
identify 3D volumes within the 3D images that correspond
to a prostate of a subject and determining one or more uptake

5

84

least a portion of the plurality of voxels of the 3D
functional image represent physical volumes within the
pelvic region of the subject;

(c) determining, by the processor, using a first module, an
initial volume of interest (VOI) within the 3D anatomi-
cal image, the initial VOI corresponding to tissue
within the pelvic region of the subject and excluding
tissue outside the pelvic region of the subject;

(d) identifying, by the processor, using a second module,

metrics indicative of radiopharmaceutical uptake therein, the 10 a prostate volume within t,he initial VOI corresponding
L. to the prostate of the subject; and
method comprising: e
vine. b £ o devi D (e) determining, by the processor, the one or more uptake
(@) recerving, by a processor ot a .computln.g vice, a metrics using the 3D functional image and the prostate
anatomical image of the subject obtained using an volume identified within the initial VOI of the 3D
anatomical imaging modality, wherein the 3D anatomi- 15 anatomical image,

cal image comprises a graphical representation of tissue
within a subject, at least a portion of which corresponds
to a pelvic region of the subject;

(b) receiving, by the processor, a 3D functional image of
the subject obtained using a functional imaging modal-
ity, 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 radiation emit-
ted from the particular physical volume, wherein at
least a portion of the plurality of voxels of the 3D
functional image represent physical volumes within the
pelvic region of the subject;

20

25

wherein the method comprises performing steps (a) and (c)
for each of a plurality of 3D anatomical images to determine
a plurality of initial VOIs, each within one of the plurality of
3D anatomical images, wherein a variability in sizes of the
initial VOIs is less than a variability in sizes of the 3D
anatomical images.

48. A system for automatically processing 3D images to
identify 3D volumes within the 3D images that correspond
to a prostate of a subject and determining one or more uptake
metrics indicative of radiopharmaceutical uptake therein, the
system comprising:

a processor; and

a memory having instructions stored thereon, wherein the

instructions, when executed by the processor, cause the

(c) determining, by the processor, using a first module, an 30 Processor to: ) ) )
initial volume of interest (VOI) within the 3D anatomi- (a) receive a 3D anatomical image of the subject
cal image, the initial VOI corresponding to tissue obtalngd using _an anator.mcalh maging mo.dahty,

s . . . . wherein the 3D anatomical image comprises a
within the pelvic region of the subject and excluding . . . o, .
. ide the pelvic region of the subiect: graphical representation of tissue within a subject, at
tl.SSHG .ou.t51 e p g ) ject; 35 least a portion of which corresponds to a pelvic

(d) identifying, by the processor, using a second module, region of the subject;

a prostate volume within the initial VOI corresponding (b) receive a 3D functional image of the subject
to the prostate of the subject; and obtained using a functional imaging modality,

(e) determining, by the processor, the one or more uptake wherein the 3D functional image comprises a plu-
metrics using the 3D functional image and the prostate 40 rality of voxels, each representing a particular physi-
volume identified within the initial VOI of the 3D cal volume within the subject and having an intensity
anatomical image value that represents detected radiation emitted from

wherein the first module is a first CNN (convolutional neural the Partlcular phy51.cal volume, wherein at legst a
. portion of the plurality of voxels of the 3D functional
network) module and the second module is a second CNN : . oo .
dule. wherein the second CNN module comprises a 45 image represent physwal volumes within the pelvic
modute, . P region of the subject;
greater number of convolutional filters than the first CNN (¢) determine, using a first module, an initial volume of
module. interest (VOI) within the 3D anatomical image, the

47. A method for automatically processing 3D images to initial VOI corresponding to tissue within the pelvic

identify 3D volumes within the 3D images that correspond 50 region of the subject and excluding tissue outside the
to a prostate of a subject and determining one or more uptake pelvic region of the subject;

metrics indicative of radiopharmaceutical uptake therein, the (d) identify, using a second module, a prostate volume
method comprising; within the'initial VOI corresponding to the prostate

(a) receiving, by a processor of a computing device, a 3D of the sprect; and . .

. . . . . 55 (e) determine the one or more uptake metrics using the
anatomical image of the subject obtained using an . . :

cal i ” dali herein the 3D . 3D functional image and the prostate volume iden-
ana’.[omlca lmaging mo IW’ wherein the ; anatpml- tified within the initial VOI of the 3D anatomical
cal image comprises a graphical representation of tissue image, and
within a subject, at least a portion of which corresponds wherein the instructions further cause the processor to:
to a pelvic region of the subject; 60 identify a bladder volume within the 3D anatomical

(b) receiving, by the processor, a 3D functional image of image corresponding to a bladder of the subject; and
the subject obtained using a functional imaging modal- at step (e), correct for cross-talk from the bladder using
ity, wherein the 3D functional image comprises a intensities of voxels of the 3D functional image
plurality of voxels, each representing a particular corresponding to the identified bladder volume
physical volume within the subject and having an 65 within the 3D anatomical image.

intensity value that represents detected radiation emit-
ted from the particular physical volume, wherein at

49. A system for automatically processing 3D images to
identify 3D volumes within the 3D images that correspond
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to a prostate of a subject and determining one or more uptake

metrics indicative of radiopharmaceutical uptake therein, the
system comprising:
a processor; and

a memory having instructions stored thereon, wherein the

instructions, when executed by the processor, cause the

processor to:
(a) receive a 3D anatomical image of the subject
obtained using an anatomical imaging modality,

86

value that represents detected radiation emitted from
the particular physical volume, wherein at least a
portion of the plurality of voxels of the 3D functional
image represent physical volumes within the pelvic
region of the subject;

(c) determine, using a first module, an initial volume of
interest (VOI) within the 3D anatomical image, the
initial VOI corresponding to tissue within the pelvic
region of the subject and excluding tissue outside the

wherein the 3D anatomical image comprises a 10 pelvic region of the subject;

graphical representation of tissue within a subject, at (d) identity, using a second module, a prostate volume
least a portion of which corresponds to a pelvic within the initial VOI corresponding to the prostate
region of the subject; of the subject;

(b) receive a 3D functional image of the subject (e) determine the one or more uptake metrics using the
obtained using a functional imaging modality, 15 3D functional image and the prostate volume iden-
wherein the 3D functional image comprises a plu- tified within the initial VOI of the 3D anatomical
rality of voxels, each representing a particular physi- image;
cal volume within the subject and having an intensity cause display of an interactive graphical user interface
value that represents detected radiation emitted from (GUI) for presentation to the user of a visual repre-
the particular physical volume, wherein at least a 20 sentation of the 3D anatomical image and/or the 3D
portion of the plurality of voxels of the 3D functional functional image; and
image represent physical volumes within the pelvic (g) cause graphical rendering of, within the GUI, the
region of the subject; 3D anatomical image and/or the 3D functional image

(c) determine, using a first module, an initial volume of as selectable and superimposable layers, such that
interest (VOI) within the 3D anatomical image, the 25 either can be selected for display and rendered
initial VOI corresponding to tissue within the pelvic separately, or both selected for display and rendered
region of the subject and excluding tissue outside the together by overlaying the 3D anatomical image with
pelvic region of the subject; the 3D functional image.

(d) identify, using a second module, a prostate volume 51. A system for automatically processing 3D images to
within the initial VOI corresponding to the prostate 30 identify 3D volumes within the 3D images that correspond
of the subject; and to a prostate of a subject and determining one or more uptake

(e) determine the one or more uptake metrics using the metrics indicative of radiopharmaceutical uptake therein, the
3D functional image and the prostate volume iden- system comprising:
tified within the initial VOI of the 3D anatomical a processor; and
image, and 35 amemory having instructions stored thereon, wherein the

wherein the instructions further cause the processor to: instructions, when executed by the processor, cause the
identify a bladder volume within the 3D anatomical processor to:

image corresponding to a bladder of the subject; (a) receive a 3D anatomical image of the subject
determine a dilated bladder volume by applying a obtained using an anatomical imaging modality,
morphological dilation operation to the identified 40 wherein the 3D anatomical image comprises a
bladder volume; and graphical representation of tissue within a subject, at
at step (e), determine the one or more uptake metrics least a portion of which corresponds to a pelvic
using intensity values of voxels of the 3D functional region of the subject;
image that (i) correspond to the prostate volume (b) receive a 3D functional image of the subject
identified within the VOI of the 3D anatomical 45 obtained using a functional imaging modality,
image, but (ii) do not correspond to regions of the 3D wherein the 3D functional image comprises a plu-
anatomical image within the dilated bladder volume. rality of voxels, each representing a particular physi-
50. A system for automatically processing 3D images to cal volume within the subject and having an intensity
identify 3D volumes within the 3D images that correspond value that represents detected radiation emitted from
to a prostate of a subject and determining one or more uptake 50 the particular physical volume, wherein at least a
metrics indicative of radiopharmaceutical uptake therein, the portion of the plurality of voxels of the 3D functional
system comprising: image represent physical volumes within the pelvic

a processor; and region of the subject;

a memory having instructions stored thereon, wherein the (c) determine, using a first module, an initial volume of
instructions, when executed by the processor, cause the 55 interest (VOI) within the 3D anatomical image, the
processor to: initial VOI corresponding to tissue within the pelvic
(a) receive a 3D anatomical image of the subject region of the subject and excluding tissue outside the

obtained using an anatomical imaging modality, pelvic region of the subject;

wherein the 3D anatomical image comprises a (d) identity, using a second module, a prostate volume
graphical representation of tissue within a subject, at 60 within the initial VOI corresponding to the prostate
least a portion of which corresponds to a pelvic of the subject; and

region of the subject; (e) determine the one or more uptake metrics using the

(b) receive a 3D functional image of the subject 3D functional image and the prostate volume iden-
obtained using a functional imaging modality, tified within the initial VOI of the 3D anatomical
wherein the 3D functional image comprises a plu- 65 image;

rality of voxels, each representing a particular physi-
cal volume within the subject and having an intensity

wherein step (d) comprises using the second module to
identify one or more additional tissue volumes
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within the 3D anatomical image, each volume cor-
responding to a specific tissue region within the
subject, wherein the one or more additional tissue
volumes correspond(s) to one or more specific tissue
regions selected from the group consisting of:

a pelvic bone of the subject;

a bladder of the subject;

a rectum of the subject; and

a gluteal muscle of the subject; and

wherein the instructions further cause the processor to:

identify, using one or more auxiliary modules, one or
more auxiliary tissue volumes within the 3D ana-
tomical image, each auxiliary tissue volume corre-
sponding to a base tissue volume identified by the
second module; and

merge each auxiliary tissue volume with the corre-
sponding base tissue volume identified by the second
module.

52. A system for automatically processing 3D images to
identify 3D volumes within the 3D images that correspond
to a prostate of a subject and determining one or more uptake
metrics indicative of radiopharmaceutical uptake therein, the
system comprising:

a processor; and

a memory having instructions stored thereon, wherein the

instructions, when executed by the processor, cause the

processor to:

(a) receive a 3D anatomical image of the subject
obtained using an anatomical imaging modality,
wherein the 3D anatomical image comprises a
graphical representation of tissue within a subject, at
least a portion of which corresponds to a pelvic
region of the subject;

(b) receive a 3D functional image of the subject
obtained using a functional imaging modality,
wherein the 3D functional image comprises a plu-
rality of voxels, each representing a particular physi-
cal volume within the subject and having an intensity
value that represents detected radiation emitted from
the particular physical volume, wherein at least a
portion of the plurality of voxels of the 3D functional
image represent physical volumes within the pelvic
region of the subject;

(c) determine, using a first module, an initial volume of
interest (VOI) within the 3D anatomical image, the
initial VOI corresponding to tissue within the pelvic
region of the subject and excluding tissue outside the
pelvic region of the subject;

(d) identity, using a second module, a prostate volume
within the initial VOI corresponding to the prostate
of the subject;

(e) determine the one or more uptake metrics using the
3D functional image and the prostate volume iden-
tified within the initial VOI of the 3D anatomical
image; and

(f) determine, based on at least a portion of the one or
more uptake metrics, one or more diagnostic or
prognostic values for the subject, wherein for at least
one of the one or more diagnostic or prognostic
values said determining comprises comparing an
uptake metric to one or more threshold value(s).

53. A system for automatically processing 3D images to
identify 3D volumes within the 3D images that correspond
to a prostate of a subject and determining one or more uptake
metrics indicative of radiopharmaceutical uptake therein, the
system comprising:
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a processor; and

a memory having instructions stored thereon, wherein the
instructions, when executed by the processor, cause the
processor to:

(a) receive a 3D anatomical image of the subject
obtained using an anatomical imaging modality,
wherein the 3D anatomical image comprises a
graphical representation of tissue within a subject, at
least a portion of which corresponds to a pelvic
region of the subject;

(b) receive a 3D functional image of the subject
obtained using a functional imaging modality,
wherein the 3D functional image comprises a plu-
rality of voxels, each representing a particular physi-
cal volume within the subject and having an intensity
value that represents detected radiation emitted from
the particular physical volume, wherein at least a
portion of the plurality of voxels of the 3D functional
image represent physical volumes within the pelvic
region of the subject;

(c) determine, using a first module, an initial volume of
interest (VOI) within the 3D anatomical image, the
initial VOI corresponding to tissue within the pelvic
region of the subject and excluding tissue outside the
pelvic region of the subject;

(d) identify, using a second module, a prostate volume
within the initial VOI corresponding to the prostate
of the subject;

(e) determine the one or more uptake metrics using the
3D functional image and the prostate volume iden-
tified within the initial VOI of the 3D anatomical
image; and

(f) determine, based on at least a portion of the one or
more uptake metrics, one or more diagnostic or
prognostic values for the subject, wherein at least
one of the one or more diagnostic or prognostic
values estimates a risk for clinically significant pros-
tate cancer in the subject.

54. A system for automatically processing 3D images to

identify 3D volumes within the 3D images that correspond
to a prostate of a subject and determining one or more uptake
metrics indicative of radiopharmaceutical uptake therein, the
system comprising:

a processor; and

a memory having instructions stored thereon, wherein the
instructions, when executed by the processor, cause the
processor to:

(a) receive a 3D anatomical image of the subject
obtained using an anatomical imaging modality,
wherein the 3D anatomical image comprises a
graphical representation of tissue within a subject, at
least a portion of which corresponds to a pelvic
region of the subject;

(b) receive a 3D functional image of the subject
obtained using a functional imaging modality,
wherein the 3D functional image comprises a plu-
rality of voxels, each representing a particular physi-
cal volume within the subject and having an intensity
value that represents detected radiation emitted from
the particular physical volume, wherein at least a
portion of the plurality of voxels of the 3D functional
image represent physical volumes within the pelvic
region of the subject;

(c) determine, using a first module, an initial volume of
interest (VOI) within the 3D anatomical image, the
initial VOI corresponding to tissue within the pelvic
region of the subject and excluding tissue outside the
pelvic region of the subject;
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89 90
(d) identify, using a second module, a prostate volume wherein the 3D functional image comprises a plu-
within the initial VOI corresponding to the prostate rality of voxels, each representing a particular physi-
of the subject; and cal volume within the subject and having an intensity
(e) determine the one or more uptake metrics using the value that represents detected radiation emitted from

3D functional image and the prostate volume iden- 5
tified within the initial VOI of the 3D anatomical
image, wherein the first module is a first CNN
(convolutional neural network) module and the sec-
ond module is a second CNN module, wherein the
second CNN module comprises a greater number of 19
convolutional filters than the first CNN module.
55. A system for automatically processing 3D images to
identify 3D volumes within the 3D images that correspond
to a prostate of a subject and determining one or more uptake
metrics indicative of radiopharmaceutical uptake therein, the 15
system comprising:
a processor; and
a memory having instructions stored thereon, wherein the
instructions, when executed by the processor, cause the
processor to: 20
(a) receive a 3D anatomical image of the subject
obtained using an anatomical imaging modality,
wherein the 3D anatomical image comprises a
graphical representation of tissue within a subject, at
least a portion of which corresponds to a pelvic 5
region of the subject;
(b) receive a 3D functional image of the subject
obtained using a functional imaging modality, ¥k ok k%

the particular physical volume, wherein at least a
portion of the plurality of voxels of the 3D functional
image represent physical volumes within the pelvic
region of the subject;

(c) determine, using a first module, an initial volume of
interest (VOI) within the 3D anatomical image, the
initial VOI corresponding to tissue within the pelvic
region of the subject and excluding tissue outside the
pelvic region of the subject;

(d) identity, using a second module, a prostate volume
within the initial VOI corresponding to the prostate
of the subject; and

(e) determine the one or more uptake metrics using the
3D functional image and the prostate volume iden-
tified within the initial VOI of the 3D anatomical
image, wherein the instructions cause the processor
to perform steps (a) and (c¢) for each of a plurality of
3D anatomical images to determine a plurality of
initial VOIs, each within one of the plurality of 3D
anatomical images, wherein a variability in sizes of
the initial VOIs is less than a variability in sizes of
the 3D anatomical images.
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