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Introduction:

This project serves to address the urgent need for marked improvement in prostate cancer (PCa)
detection and diagnosis via the use of multimodal imaging for (a) biopsy planning and
guidance, (b) PCa grading and staging, (c) active surveillance, and (d) treatment targeting and
monitoring; due to severe limitations with current clinical protocol. For example, in May 2012
the US Preventive Task Force issued a recommendation against PSA based screening for PCa,
concluding that it causes more harm than good. Current prostate biopsy procedures which
primarily use conventional ultrasound (US) only have an estimated sensitivity of approximately
50%, with 90% of US-guided biopsies being negative. Similarly, focal therapy to treat PCa is
gaining interest as a means of reducing toxic side effects, but it is unlikely to gain favor unless a
reliable means of imaging and subsequently validating presence and extent of PCa is
forthcoming.

A novel elastography tool, Prostate Mechanical Imaging (PMI) developed by Artann Labs, is
newly FDA approved for PCa screening. Unlike conventional B-mode US, PMI allows for the
measurement of gland volume and mechanical stress patterns on the gland surface through the
rectal wall with pressure sensor arrays. However, PMI lacks the high spatial resolution of
Magnetic Resonance Imaging (MRI). Multi-Parametric MRI (T2W, T1W, Diffusion, and DCE)
has recently shown great promise for improving screening and detection of PCa as it provides
significant structural and functional parameters for disease characterization. This project is to
develop novel computerized fusion methods for precise registration of MRI and PMI in order to
enable improved PCa detection in vivo compared to using either PMI or MRI alone. This
research will have an impact on development of reliable and practical clinical means of imaging
PCa for improved (1) biopsy planning and guidance, (2) grading and prognosis formulation, (3)
active surveillance, (4) treatment planning, (5) disease targeting, and (6) treatment monitoring.
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Accomplishments

Summary of Progress to Date:

The project has resulted in 1 submitted journal paper which recently received minor revision, 1
ready to submit journal papers, 4 peer reviewed abstracts, and 5 approved patent. All tasks
proposed in this project have been completed by the end of the project period. Below we
describe the specific progress performed under each of the original specific aims.

Milestone supposed to achieve in this project
- Conference such as SPIE Medical Imaging or International Symposium in Biomedical
Imaging
o Four abstracts were accepted on
1- 24" International Society for Magnetic Resonance Medicine (ISMRM), 7-13
May 2016, Singapore.
2- American Society of Clinical Oncology (ASCO) Annual Meeting, Jum 3-7
2016, Chicago, IL.
3- 102" Scientific Assembly and Annual Meeting of Radiological Society of
North America (RSNA), Nov 27- Dec 3, Chicago, IL.
4- 103" Scientific Assembly and Annual Meeting of Radiological Society of
North America (RSNA), Nov 26- Dec 1, Chicago, IL.

- Aclinical imaging analysis journal such as Journal of Urology.

o A journal on evaluating the computer extracted radiomics for discriminating the
cancer from benign infection (Specific Aim 2, Task 1,2 and 3) a minor revision
submitted to Journal of Medical Imaging (JMI)

o A journal paper is in its final steps and is going to submit to Journal of Medical
Imaging. The paper is in preparation on using the statistical shape model for the
prostate segmentation (Specific Aim 1, Task 1)

- Registration techniques to align MRI, PMI, histology.
o Analgorithm is developed and presented on 24th International Society for
Magnetic Resonance Medicine (ISMRM), 7-13 May 2016, Singapore.

- Methods to map cancer extent from histology (ground truth) onto radiology/mechanical
imaging data to define signatures on in vivo imaging
o An algorithm is developed and presented on 24th International Society for
Magnetic Resonance Medicine (ISMRM), 7-13 May 2016, Singapore.

- Fusion and integrated visualization of mechanical and multi-parametric imaging data.
o The achievements have been presented as an original research articles in:

= American Society of Clinical Oncology (ASCO) Annual Meeting, Jum 3-7
2016, Chicago, IL.

= 102nd Scientific Assembly and Annual Meeting of Radiological Society
of North America (RSNA), Nov 27- Dec 3, Chicago, IL.

= Analgorithm is developed and presented on 24th International Society for
Magnetic Resonance Medicine (ISMRM), 7-13 May 2016, Singapore.



= 103nd Scientific Assembly and Annual Meeting of Radiological Society
of North America (RSNA), Nov 26- Dec 1, Chicago, IL

o Five US patents are granted in analyzing the medical image radiomics (textures
and shape features) and the contribution of different radiomics in predicting
pathologies.

Research-Specific Major Tast 1: Employing co-registration tools to align MP-MRI, PMI,

ex vivo histologic sections

e Aim 1-Task 1: Pre-processing of MP-MRI and histology, Acquisition of multi-protocol in
vivo MRI prostate data (T2w, DCE, DWI), prostate mechanical imaging data, with corresponding
whole-mount histological (WMH) data from our collaborators.

My co-mentor Dr. Lee Ponsky, Urologist and professor in the University Hospital Case Medical
Center (UHCMC), Case Western Reserve University accepted the primary responsibility to
select cases for this project. Besides, Dr. Nicolas Bloch in Boston University School of
Medicine, Boston, Massachusetts helped us by providing MRI and ultrasound of the prostate
images. To develop the co-registration methodology for MRI-PMI fusion, we employed MRI-
TRUS fusion algorithm. Table 1 shows the data we used in MRI-TRUS-WMH fusion.

Table 1: Acquired data for MRI-TRUS-WMH registration

. Transrectal Whole Mount
Modality MRITL MRI'T2 Ultrasound Histological
Number of Studies 12 15 31 6

The main part of the pre-processing of the acquired data was focused on the prostate
segmentation in the transrectal ultrasound. Pl employed the statistical shape model for the
prostate segmentation. A brief description and the results of employed method are as follows.
The ongoing paper is attached in the appendices.

e Spatial Statistic Aware Segmentation Paradigm: Application on the Prostate
Segmentation in the Transrectal Ultrasound Images

An accurate detection of the prostate volume and boundary is influential on diagnosis, treatment,
and follow up of CaP. Within this framework, prostate segmentation on TRUS imagery is
performed via introduced spatial statistic aware segmentation paradigm. The spatial prior
probability is calculated in the training phase, and is used to estimate the texture feature
parameters corresponding to the prostate and the background. Estimated parameters is employed
to represent an alternative probabilistic presentation of the prostate in TRUS. Results show the
3D prostate capsule is more pronounced in the new representation which ultimately results in
more accurate segmentation. Modified active shape model (ASM) is introduced and applied in
the new 3D TURS representation for prostate segmentation. Figure 1 demonstrates the
framework of the employed method.



Prostate segmentation in TRUS is a challenging task mainly due to the high inherent noise of the
ultrasound images. On the other side, the proficiency of the texture features in the prostate
segmentation is already investigated. We employed the power of the texture features in
presenting the prostate in the ultrasound images and also the spatial statistics information to
introduce an alternative representation. Figure 2 demonstrates the heatmap of the prostate and
the background for Haralick features of the TRUS image, in which the prostate capsule is more
pronounced in compare to the original TRUS image. We named it the TRUS-HeatMap
Representation.
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Figure 1: Schematic of four steps used for generating the foreground and background heat-map
per texture feature.

Figure 2. The probability heatmap of (a) the foreground probability and (b) the background
probability.



e Method used for PMI images:

Prior to each PMI examination the probe is automatically calibrated by placing it into the
calibrator. After this, a protective disposable sheath is placed over the PMI transrectal probe
including the probe handle. A patient is asked to bend at a 90-degree angle at the hip for the PMI
examination. The calibrated PMI probe covered by the sheath is lubricated and gently inserted
into the anal canal with sensor surface facing downward. The probe is then gently inserted
beyond the anal canal and into rectum until the axial projection of the prostate is visualized on
the computer screen. The prostate scan is performed through a set of multiple manual
compressions. The pressure sensor array, in response to input applied pressure, produces a
pressure response map on a rectal wall covering the prostate, analogous to that sensed by the
physician’s finger palpating the prostate during DRE. The PMI provides 3-D pressure mapping
of the prostate. This 3-D prostate map/image may be visualized and analyzed after the
examination. Figure 3A demonstrates the real time cross-sectional images of the prostate
obtained by PMI, and 3B is an actual prostate image of a patient obtained by PMI.
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Figure 3. (A) Real time cross-sectional images of the prostate of a patient obtained by 5
successive pressings of the probe over the prostate at different location as shown in the picture.
Patent data: PSA - 7.9; DRE - medium size asymmetrical prostate, left sided nodule, firm,
immobile. PMI findings: hard nodule located at the prostate base in the left lobe. (B) An example
of mechanical image of prostate of a patient.

e Aim 1, Task 2: Co-registration of PMI with MP-MRI
Subtask 1: Obtain a segmentation of the prostate on MP-MRI using the methodology Extract a

set of features from the PMI capable of distinquishing between prostate tissue and non-prostate
tissue.




The ROI was segmented in the previous step. A total of 645 2D texture and 24 3D-shape features
were extracted from the segmented area. Texture features were extracted in 2D instead of 3D,
since the available retrospective volumes were all anisotropic. After extracting per voxel based
features within the nodule of interest, five statistics relating to mean, variance, minimum,
maximum and the entropy were calculated. All feature calculations were implemented using
MATLAB® 2014b platform (Mathworks, Natick, MA).

Subtask 2 and 3: Calculate a probabilistic model to estimate the prostate location on PMI and
Apply an elastic registration to maximize the overlap between the MP-MRI segmentation and the
PMI probabilistic model.

Module 1: Histology 3D reconstruction Module 2: Histology — MRI fusion

Module 3: PMI — MRI fusion

Figure 4: (1) 3D Reconstruction of ex vivo
pathology via alignment with block-face photos;
(2) Mapping CaP extent from pathology onto MRI;
(3) PMI — MRI fusion to map CaP onto PMI.

Elastic registration methods developed in the mentor of the Pl group in Case Western Reserve
University yield a mapping of prostate cancer extent from ex vivo pathology on to corresponding
MP-MRI, by allowing for recovery of non-linear deformations between the template and target
images. Pl extended our previous approaches by inclusion of additional imaging data to facilitate
the registration: (1) block face photos of the ex vivo pathology, and (2) ex vivo MRI of the
excised RP. The main steps are:

- Module 1: Reconstruct the 3D volume of the histopathology specimen, Path3D. This was
involved (a) aligning the WMH slices to the block face section photos using 2D
deformable registration, (2) applying groupwise registration to align block face pictures
to each other; (3) implicitly reconstructing the 3D volume and providing a 3D volume for
the tumor (see Figure 4).

- Module 2: 3D histology, Path3D, is aligned to the ex vivo MRI using 3D deformable co-
registration. We then co-registered ex vivo to in vivo MRI using 3D deformable
registration methods, such as finite element modeling (FEM). The transformation was
constrained to physically meaningful deformations. Our approach determined optimal
deformation forces that maximize similarity metrics based on MRI intensities. This will
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allow for mapping of CaP annotation from histology on in vivo MRI. Figure 4 shows the
result of registering WMH (IHC and H&E) to in vivo MRI via this technique.

Specific Aim 2: Evaluate an integrated MP-MRI/PMI for PCa diagnosis

To provide an optimize tool for MRI/PMI/WMH registration, Pl developed MRI/TRUS/WMH
registration algorithm. The method was published and presented in the 24™ International Society
for Magnetic Resonance Medicine (ISMRM), 7-13 May 2016, Singapore. The published abstract
and the presented poster is attached in the appendices.

Subtask 3 of Aim 1: Evaluating PMI/MP-MRI/histology reqgistration and Subtask 1 of Aim 2:
Computerized extraction of MP-MRI features

Our study design comprised 12 2D planar images obtained from the MRI and US scans of 3
patients, all of whom had biopsy confirmed prostate cancer and scheduled for a radical
prostatectomy. A 3D B-mode ultrasound scan was performed followed by a 3 Tesla MRI prior to
surgery. Following surgery and histologic sectioning of the gland via a microtome, the H&E
stained whole mount histologic (WMH) sections were digitized via a whole slide scanner and the
regions of cancer annotated by an expert pathologist. Deformable co-registration methods were
used to spatially align the in vivo MRI, TRUS, and ex vivo histology. In particular, we used fully
automatic Multiattribute probabilistic prostate elastic registration (MAPPER) approach to fusion
of ultrasound and MRI. We also manually delineated corresponding landmarks between MRI
and WMH for deformable co-registration of WMH to MRI. A total of 129 computer extracted
image features including Haralick, Gabor, Law, LBP, Laplacian features were extracted from
both the prostate MRI and TRUS. Each of the computer extracted MRI and ultrasound features
were then ranked via the Fisher criteria to identify the features that best identified the region of
cancer. Figure 5 illustrates the MRI-TRUS-WMH registration and mapping of the cancer extent
on MRI and TRUS.

Subtask 2 and 3: Computerized extraction and calibration of PMI features, and identifying the
most discriminative features

The top 3 features for each modality and corresponding Fisher criteria values are shown in Table
4. The classification is per region of interest (ROI), i.e. the texture features for the cancerous part
of the prostate is compared to the texture features of the noncancerous confounding regions. Top
three texture features, contrast variance, contrast entropy, and contrast inverse moment were
selected by the theoretical linear discriminant analysis (LDA) classifier for MRI and yielded an
area under the receiver operating characteristic curve (AUC) of 0.83, 0.77 and 0.70 for
identifying cancerous ROIs in MRI. By comparison, top three most predictive features identified
for TRUS were contrast inverse moment, contrast variance, and contrast entropy. These features
yielded an AUC of 0.75, 0.69, and 0.66, respectively. By combining the top two texture features
on MRI and the most informative texture feature on TRUS, the LDA based predictor yielded an
AUC of 0.88 in predicting presence of prostate cancer. Figure 6 illustrates the scatter plot of the
prostate cancer versus the non-cancer cases in three dimensional most informative texture feature
space.

11



The description of the extracted texture features and shape features can be found in Table 2 and
Table 3.

Subtask 4: Evaluating the fused classifier

Figure 5: Registration of MRI, TRUS and WMH: Two 2D planar images of (a),(g) WMH and (b),(h)
corresponding MRI. (c),(i) WMH and MRI checkerboard overlays showing alignment between the two modalities.
(d),(J) MRI with cancer annotation obtained from WMH (green). (e),(k) TRUS with cancer annotation obtained
from WMH (green). (f),(l) Fused MRI-TRUS images shown as checkerboards with cancer annotation obtained from

WMH (green).

12
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Figure 6: Scatter plot of three most discriminative texture features

Table 2: Texture features evaluated in this work.

Feature category

Descriptor

Intuitive Description

Haralick features
(Repeated occurrence of grey
level configuration in the
texture represented via the
grey-level co-occurrence
matrix (GLCM), which varies
rapidly with distance in fine
textures and slowly in large
textures)

Inverse Difference
Moment (IDM)

IDM is a reflection of the presence or
absence of uniformity, and hence is a
measure of local regions of homogeneity
High IDM: Higher presence of locally
uniform windows in GLCM
Low IDM: Higher presence of locally
heterogeneous windows in GLCM

Correlation

Quantifies the linear patterns in an image
based on the distance parameter.

Sum Entropy

Measure of GLCM relationship to
distribution of intensity with respect to
entropy. Entropy is the measure of
disorder.

Sum Variance

Measure of GLCM relationship to
distribution of intensity with respect to
variance
High sum variance: greater standard
deviation of sum average
Low sum variance: low standard deviation
of sum average

13
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S L- Level
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directions) R- Ripple

Laplacian pyramids

Multi-resolution filters capture edges at
different levels

Gray level features

The basic, intensity based features
including mean, median, range and
standard deviation.

Gabor Features

Oriented textures via changes in direction
and scale; capture microarchitectures

Gradient Features

Represent the directional change in the
intensity values of pixels in the ROI

Local Binary Pattern

Thresolding the window with the center
pixel value.

Table 3: Shape features evaluated in this work.

Features Description
Size Including Width, Height, Depth of bounding box
Area from 2D slices of each nodule
Perimeter from 2D slices of each nodule
Eccentricity foci of the ellipse and to major axis length
Extend ratio of pixels in the region to pixels in the total bounding box
Compactness ratio of the perimeter squared to the product of 47 and area
Radial distance | distances from center of each slice to contour points
Roughness perimeter of slices divided by convex perimeter
Elongation from major and minor axis
Convexity from convex hull
Equivalent Diameter of circle with same area of slices
Diameter
Sphericity 3D compactness

Table 4: Top 3 features of MRI and TRUS, and their AUC values
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Features for MRI Contrast Variance Contrast Contrast.
Entropy Inverse
Moment
AUC 0.83 0.77 0.70
Features for TRUS Contrast. Inverse Moment Contrast Contrast
Variance Entropy
AUC 0.75 0.69 0.66

The ability of the PMI to discriminate abnormal prostates with nodules detected on DRE from
normal prostates with normal DRE has been evaluated using Receiver Operating Characteristic
(ROC) curve analysis. In the ROC curve (Figure 7) the true positive rate (sensitivity) is plotted
as a function of the false positive rate (1-specificity) for different cut-off values of the “nodule
detector” based on calculating maximum stress value inside the 3D prostate normalized image.

Each point on the ROC plot represents a sensitivity/specificity pair corresponding to a particular
decision threshold. A test with perfect discrimination has a ROC plot that passes through the
upper left corner, curve area equal to 100%. In our testing, the Area under the Curve (AUC)
equals 78% with the 95% confidence interval from 65.7% to 87.7%. This means that a randomly
selected individual from the positive group has a test value larger than that for a randomly

chosen individual from the negative group in 78% of the time.
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Figure 7: PMI nodule detection capability evaluated by Receiver Operating Characteristic (ROC)
analysis. (A) ROC curve for nodule detection using PMI. (B) ROC parameters calculated for nodule

detector output as a threshold value.
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We evaluated the confidence interval for the ROC curve by modified fixed-width bands method.
This is an acceptable result for a relatively simple classifier. Figure 7 shows sensitivity,
specificity, and predictive values for the described test as a function of the threshold value. In the
proximity of sensitivity/specificity interception, the graph shows that PMI sensitivity is 76% and
specificity is 64%. The relatively low positive

This is a feasibility study to determine the clinical utility of Prostate Mechanical Imager for improved
detection of prostate cancer. A total of 60 patients will be enrolled in this feasibility study. To ensure
a meaningful difference can be discerned between patient’s with low-risk prostate cancer from
intermediate/high risk prostate cancer using the combination of PMI and MP-MRI, 30 patients with
low risk disease and 30 patients with high risk disease will be included in the study. Prostate cancer
risk is defined as per the National Comprehensive Cancer Network Guidelines as listed in Table 1 in
Section 4.1 Inclusion Criteria.

Power analysis: The results from our preliminary studies show imaging features were able to
distinguish prostate tumor level of risk with AUC about 0.79 (35). We expect the integration of MP-
MRI and PMI will improve the accuracy of tumor level of risk classification with anticipated AUC in
the ballpark of 0.91. With 30 low risk tumor grade and 30 patients with high risk, the power of the
study is around 77%. The actual power depends on the true AUC obtained from the study. The figure
below shows the relationship between power and various improvements of AUC (effect size).
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Training Specific Aims: Training and educational development in prostate cancer
research.

Subtask 1: Mechanical Imaging Training session in Artann Labs (Two weeks in the first year and
two weeks in the second year). The PI scheduled the first training session for the middle of
December 2016.

Subtask 2: Seminars

- PI had weekly mentor lab meeting, in the Center for Computational Imaging and
Personalized Diagnostics (CCIPD) at Case Western Reserve University.

- Plis participating weekly Prostate Imaging Reporting and Data System meeting in the
Department of Radiology, Case Medical Center University Hospital with PI’s mentor,
clinical co-mentor and radiology collaborators.

- Pl is participating the Biomedical Image Analysis Literary Guild (LG) seminar, Case
Western Reserve University. Hosted by PI’s mentor.

- Pl is participating the majority of Imaging Hour meeting, Department of Biomedical
Engineering, Case Western Reserve University.

- Pl is participating the majority of monthly Cancer Center Seminar Series, Case
Comprehensive Cancer Center.

Subtask 3: Course works
PI studied the course materials of “Cancer Biology, Immunology, and Pathology”, and
“Biostatistics”.

Subtask 4: Attending a scientific meeting in relevant scientific field
- Pl participated and also presented his works on

o American Society of Clinical Oncology (ASCO) Annual Meeting, Jum 3-7 2016,
Chicago, IL.

o 102" Scientific Assembly and Annual Meeting of Radiological Society of North
America (RSNA), Nov 27- Dec 3, Chicago, IL.

o 103" Scientific Assembly and Annual Meeting of Radiological Society of North
America (RSNA), Nov 26- Dec 1, Chicago, IL.

17



Impact

A novel elastography tool, Prostate Mechanical Imaging (PMI) developed by Artann Labs, is
newly FDA approved for PCa screening. Unlike conventional B-mode US, PMI allows for the
measurement of gland volume and mechanical stress patterns on the gland surface through the
rectal wall with pressure sensor arrays. However, PMI lacks the high spatial resolution of
Magnetic Resonance Imaging (MRI). Multi-Parametric MRI (T2W, T1W, Diffusion, and DCE)
has recently shown great promise for improving screening and detection of PCa as it provides
significant structural and functional parameters for disease characterization. This project
developed novel computerized fusion methods for precise registration of MRI and PMI in order
to enable improved PCa detection in vivo compared to using either PMI or MRI alone. This
research have an impact on development of reliable and practical clinical means of imaging PCa
for improved (1) biopsy planning and guidance, (2) grading and prognosis formulation, (3) active
surveillance, (4) treatment planning, (5) disease targeting, and (6) treatment monitoring.
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Changes/Problems
Nothing to report
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Products

Accepted and presented abstracts:

Mahdi Orooji, Mehdi Alilou, Rachel Sparks, Mirabela Rusu,B Nicolas Bloch, Ernest
Feleppa, Dean Barratt, Lee Ponsky, Anant Madabhushi, “A Combination of Radiomic
Features from MRI and Ultrasound Appears to better predict presence of prostate cancer:

Validation against whole mount pathology”, 24th International Society for Magnetic
Resonance Medicine (ISMRM), 7-13 May 2016, Singapore.

Orooji, M., Rakshit, S., Beig, N., Velcheti, V., Madabhushi, A., "Computerized textural
analysis of lung CT enables quantification of tumor infiltrating lymphocytes in NSCLC",
American Society for Clinical Oncology (ASCO) Annual Meeting, Chicago, IL, 2016

Rakshit, S., Orooji, M., Beig, N., Velcheti, V., Madabhushi, A., “Use of radiomic
features on baseline CT scan to predict clinical benefit for pemetrexed based
chemotherapy in metastatic lung adenocarcinoma”, American Society for Clinical
Oncology (ASCO) Annual Meeting, Chicago, IL, 2016

Mahdi Orooji, Mehdi Alilou, Niha Beig, Sagar Rakshit, Prabhakar Rajiah, Michael Yang,
Frank Jacono, Robert Gilkeson, Philip Linden, Vamsidhar Velcheti, Anant Madabhushi,
“A combination of shape and texture features enables discrimination of benign fungal
infection from non-small cell lung adenocarcinoma on chest CT”, 102nd Scientific
Assembly and Annual Meeting of Radiological Society of North America (RSNA), Nov
27- Dec 3, Chicago, IL.

Mahdi Orooji, Monica Khunger, Mehdi Alilou, Rajat Thawani, Vamsidhar Velcheti,
Anant Madabhushi, “ Nodule texture predicts Response to Nivolumab based
immunotherapy for non-small cell lung cancer”, 103rd Scientific Assembly and Annual
Meeting of Radiological Society of North America (RSNA), Nov 26- Dec 1, Chicago, IL.

Ongoing Journal Article:

Mahdi Orooji, Mehdi Alilou, Sagar Rakshit, Niha Beig, Mohammad Hadi Khorrami,
Prabhakar Rajiah, Rajat Thawani, Jennifer Ginsberg, Christopher Donatelli, Michael
Yang, Frank Jacono, Robert Gilkeson, Vamsidhar Velcheti, Philip Linden, Anant
Madabhushi, “A Combination of Computer Extracted Shape and Texture Features
Enables Discrimination of Granulomas from Adenocarcinoma on Chest CT”, Minor
revision submitted to Journal of Medical Imaging (JMI)

Mahdi Orooji, Mehdi Alilou, Lee Ponsky, Anant Madabhushi, “Spatial Statistic Aware

Segmentation Paradigm: Application on the Prostate Segmentation in the Transrectal
Ultrasound Images”, is going to submit to Journal of Medical Imaging.
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US Patent

e Textural analysis of lung nodules
A Madabhushi, M Rusu, M Orooji, M Alilou
US Patent 9,595,103

e Decision support for disease characterization and treatment response with
disease and peri-disease radiomics

A Madabhushi, M Orooji, M Rusu, P Linden, R Gilkeson, NM Braman

US Patent App. 15/226,124

e Characterizing disease and treatment response with quantitative vessel tortuosity
radiomics

A Madabhushi, M Orooji, M Rusu, P Linden, R Gilkeson, NM Braman

US Patent App. 15/226,148

e Computerized analysis of computed tomography (ct) imagery to guantify tumor
infiltrating lymphocytes (tils) in non-small cell...

A Madabhushi, V Velcheti, M Orooji, S Rakshit, M Alilou, N Beig

US Patent App. 15/613,751

e Predicting response to pemetrexed chemotherapy in non-small cell lung cancer
(nsclc) with baseline computed tomography (...

A Madabhushi, V Velcheti, M Orooji, S Rakshit, M Alilou, N Beig

US Patent App. 15/612,467
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Participants & Other Collaborating Organizations.

e What individuals have worked on the project?
Pl: Mahdi Orooji, PhD: No change
Mentor: Anant Madabhushi, PhD: No change
Co-mentor: Lee Ponsky, MD: No change
Collaborator: Pingfu Fu, PhD: No change
Collaborator: Vikas Gulani, MD: No change
Collaborator: Raj Paspulati, MD: No Change
Collaborator: Armen Sarvazian, PhD: No change
Collaborator: Gregory MacLennan, MD: No change

e Has there been a change in the active other support of the PD/PI(s) or senior/key
personnel since the last reporting period?
Nothing to Report

e \What other organizations were involved as partners?
Nothing to Report
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Special Reporting Requirements
Nothing to report
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Appendices

Part 1: Accepted Papers

Abstract #171681

Computerized textural analysis of lung CT to enable quantification of tumor
infiltrating lymphocytes in NSCLC.

Mahdi Orooji, Sagar Rakshit, Niha Beig, Anant Madabhushi, Vamsidhar Velcheti;
Biomedical Engineering, Case Western Reserve University, Cleveland, OH; Cleveland
Clinic Foundation, Cleveland, OH; Case Western Reserve University, Cleveland, OH;
Cleveland Clinic, Cleveland, OH

Abstract Text:

Background: Tumor infiltrating lymphocytes (TILs) are a part of the dynamic immune
microenvironment. Clinical trials with immune checkpoint inhibitors report significant
increase in TILs in responders in follow up tumor biopsies. Monitoring TILsS on treatment
using radiomic features extracted from routine follow up computed tomographic (CT)
images can be a non-invasive surrogate to biopsy to detect early response. We
conducted a proof of concept study to find out if radiomic features extracted from CT
images can identify patients with high and low TILs in non-small cell lung cancer
(NSCLC).

Methods: A cohort of 50 consecutive patients who underwent lobectomy for early stage
NSCLC were identified and TIL were characterized using routine hematoxylin and eosin
(H&ESs) slides. TILs were quantified on a previously reported scale of 0 to 3 based on
intensity of TIL. Of the 50 cases 17 outliers who had high TILs (3+) or low TILs (0) were
identified. The study team was provided with CT images from 4 patients with ‘0’ TILs, 8
tumors with ‘3+’ TILs and 5 tumors were blinded. Corresponding pre-surgical CT scans
were annotated on slicer-3D software. A total of 669 radiomic (textural and shape)
features of the lung nodule were investigated. These features were evaluated and
ranked in their ability to discriminate TIL extent using a linear discriminant classifier,
both in terms of univariate and multivariate analysis.

Results: Sphericity, a shape based feature was the most discriminating
feature. Standard deviation and Laws were ranked as the most promising texture based
features. Of the 5 blinded tumors, 4 were classified correctly leaving only one
misclassified case.

Conclusions: Computerized textural analysis using shape and texture features
extracted from the lung nodule on CT images could be used to identify tumors with high
TILs. Further validation of these findings in larger independent cohorts is required.
These novel imaging based biomarkers could be a useful diagnostic tool for predicting
response and monitoring patients on immunotherapy.
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Abstract #171139

Evaluation of radiomic features on baseline CT scan to predict clinical benefit for
pemetrexed based chemotherapy in metastatic lung adenocarcinoma.

Sagar Rakshit, Mahdi Orooji, Niha Beig, Mehdi Alilou, Nathan A. Pennell, James
Stevenson, Marc A. Shapiro, Anant Madabhushi, Vamsidhar Velcheti; Cleveland Clinic
Foundation, Cleveland, OH; Biomedical Engineering, Case Western Reserve University,
Cleveland, OH; Cleveland Clinic, Cleveland, OH; Case Western Reserve University,
Cleveland, OH

Abstract Text:

Background: Many patients receiving standard of care pemetrexed based platinum
doublet followed by maintenance pemetrexed for lung adenocarcinoma do not receive
clinical benefit. Currently there are no clinically validated biomarkers to identify patients
who benefit from these treatments. We conducted a retrospective proof-of concept
study to identify predictive computer extracted image features from pre-treatment
computed tomographic (CT) scans.

Methods: Pre-chemotherapy CT scans were obtained for 105 lung adenocarcinoma
patients treated with pemetrexed based chemotherapy at the Cleveland Clinic from
2004-2010. Clinical benefit was defined as patients with an objective response or more
than 12 cycles of pemetrexed therapy. We identified and annotated CT images in 2
groups- 46 with clinical benefit and 59 without clinical benefit. After adjusting for image
quality and CT filters, 32 and 33 patients remained for final analysis in the 2 groups
respectively. A total of 1108 radiomic features including both textural and shape
features of the lung nodule as well as the peritumoral region were investigated. The
features were evaluated and ranked in their ability to discriminate between the 2 groups
in conjunction with a linear discriminant classifier, both in terms of univariate and
multivariate analysis.

Results: Two of the top 3 ranked features were from within the nodule and the third
was from within the peritumoral area. Mean of Sum Average, a co-occurrence based
texture measure within the nodule was the most discriminating feature. Combination of
features within and around the nodule yielded even higher AUC values (See Table for
combination of best features).

Conclusions: Texture and shape features extracted from within and around the lung
nodule on CT images could identify patients who could potentially benefit from
pemetrexed based chemotherapy. Further validation in a larger retrospective, multi-
institutional cohort is needed.

Feature Vector Area Under ROC Curve + Standard Deviation
Mean of Intratumoral Sum Average(1) 69.5% + 3.0%
1+Minimum of Intratumoral Law L5XE5(2) 75.2% + 3.2%
1+2+Mean of Peritumoral Law S5xW5(3) 77.6% + 1.9%
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A Combination of Radiomic Features from MRI and Ultrasound Appears to
better predict presence of prostate cancer: Validation against whole mount

pathology

Authors: Mahdi Oroojit, Mehdi Alilou!, Rachel Sparks?, Mirabela Rusu?,B Nicolas Bloch?,

Ernest Feleppa*, Dean Barratt?, Lee Ponsky®, Anant Madabhushi!

! Center for Computational Imaging and Personalized Diagnostics, Case Western Reserve
University, Cleveland, OH, USA

2Centre for Medical Image Computing, University College of London

3Boston University School of Medicine, Boston, Massachusetts

4Lizzi Center for Biomedical Engineering, Riverside Research

SUniversity Hospital Case Medical Center, Case Western Reserve University, Cleveland, OH,
USA

Synopsis:

To evaluate whether the combination of computer extracted or radiomic image
parameters from two complementary modalities, MRI-Transrectal Ultrasound (TRUS)
can enable better prediction of presence of prostate cancer compared to either modality
individually. In order to evaluate the ability of the radiomic features from MRI and
ultrasound and the combination of MRI and ultrasound radiomic features in predicting
the presence of prostate cancer we considered 3 patients who underwent MRI,
transrectal ultrasound prior to radical prostatectomy. Deformable co-registration
methods were used for spatially aligning the pre-operative in vivo MRI and ultrasound
with the ex vivo whole mount radical prostatectomy specimens to establish the “ground
truth” for cancer extent on the imaging. A combination of texture features from US and
MRI yielded the best separability between cancer and non-cancer regions with an Area

under the operating characteristic curve of 0.88.
PURPOSE:

Recently there has been a great deal of interest in developing computer aided diagnosis
systems for identifying prostate cancer presence in vivo on MRI and ultrasound
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separately’3, no work we are aware of has attempted to address the issue of fusing
computer derived features from MRI and ultrasound to create the best possible
predictor of cancer in vivo. In this work we attempt a systematic and quantitative
evaluation of the discriminability of computer extracted MRI and ultrasound features in

terms of cancer detection in patients undergoing radical prostatectomy.

METHODS:

Our study design comprised 12 2D planar images obtained from the MRI and US scans
of 3 patients, all of whom had biopsy confirmed prostate cancer and scheduled for a
radical prostatectomy. A 3D B-mode ultrasound scan was performed followed by a 3
Tesla MRI prior to surgery. Following surgery and histologic sectioning of the gland via
a microtome, the H&E stained whole mount histologic (WMH) sections were digitized
via a whole slide scanner and the regions of cancer annotated by an expert pathologist.
Deformable co-registration methods were used to spatially align the in vivo MRI, TRUS,
and ex vivo histology. In particular, we used fully automatic Multiattribute probabilistic
prostate elastic registration (MAPPER) approach to fusion of ultrasound and MRI4. We
also manually delineated corresponding landmarks between MRI and WMH for
deformable co-registration of WMH to MRI. A total of 129 computer extracted image
features including Haralick, Gabor, Law, LBP, Laplacian features were extracted from
both the prostate MRI and TRUS. Each of the computer extracted MRI and ultrasound
features were then ranked via the Fisher criteria to identify the features that best
identified the region of cancer. Figure 1 illustrates the MRI-TRUS-WMH registration and
mapping of the cancer extent on MRI and TRUS.

RESULTS AND DISCUSSION

The top 3 features for each modality and corresponding Fisher criteria values are shown
in Table.1. The classification is per region of interest (ROI), i.e. the texture features for
the cancerous part of the prostate is compared to the texture features of the
noncancerous confounding regions. Top three texture features, contrast variance,
contrast entropy, and contrast inverse moment were selected by the theoretical linear
discriminant analysis (LDA) classifier for MRI and vyielded an area

under the receiver operating characteristic curve (AUC)of0.83, 0.77 and 0.70
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for identifying cancerous ROIs in MRI. By comparison, top three most predictive
features identified for TRUS were contrast inverse moment, contrast variance, and
contrast entropy. These features yielded an AUC of 0.75, 0.69, and 0.66, respectively.
By combining the top two texture features on MRI and the most informative texture
feature on TRUS, the LDA based predictor yielded an AUC of 0.88 in predicting
presence of prostate cancer. Figure 2 illustrates the scatter plot of the prostate cancer
versus the non-cancer cases in three dimensional most informative texture feature

space.

CONCLUSION:

We presented a framework to rank the performance of computer extracted MRI and
ultrasound features in terms of their ability to identify prostate cancer. Our results in a
small cohort suggests that we may be able to combine the MRI and ultrasound radiomic
features to create a better classifier for prostate cancer detection compared to MRI or

ultrasound alone.

References:

'Emilie Niaf, Olivier Rouvire, Florence Mge-Lechevallier, Flavie Bratan, Carole Lartizien,”
Computer-aided diagnosis of prostate cancer in the peripheral zone using multiparametric MRI”,
Physics in Medicine and Biology 2012.

2Tiwari P, Kurhanewicz J, Rosen M, Madabhushi A. (2010) Semi supervised multi kernel
(SeSMiK) graph embedding: identifying aggressive prostate cancer via magnetic resonance
imaging and spectroscopy. Med Image Comput Comput Assist Interv. 13(Pt 3):666-73

3Mehdi Moradi, Parvin Mousavi, Purang Abolmaesumi, Computer-Aided Diagnosis of Prostate
Cancer with Emphasis on Ultrasound-Based Approaches: A Review, Ultrasound in Medicine &
Biology, Volume 33, Issue 7, July 2007, Pages 1010-1028, ISSN 0301-5629

4 Sparks, Rachel and Nicolas Bloch, B. and Feleppa, Ernest and Barratt, Dean and Moses, Daniel
and Ponsky, Lee and Madabhushi, Anant, “Multiattribute probabilistic prostate elastic
registration (MAPPER): Application to fusion of ultrasound and magnetic resonance imaging”,
Medical Physics, 42, 1153-1163 (2015),
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Figure 1: Registration of MRI, TRUS and WMH: Two 2D planar images of (a),(g) WMH and (b),(h)
corresponding MRI. (c),(i) WMH and MRI checkerboard overlays showing alignment between the two
modalities. (d),(j) MRI with cancer annotation obtained from WMH (green). (e),(k) TRUS with cancer
annotation obtained from WMH (green). (f),(I) Fused MRI-TRUS images shown as checkerboards with
cancer annotation obtained from WMH (green).
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Figure 2: Scatter plot of three most discriminative texture features

Table 1: Top 3 features of MRI and TRUS, and their AUC values

Entropy Inverse Moment
AUC 0.83 0.77 0.70
Features for TRUS Contrast. Inverse Moment Contrast Contrast
Variance Entropy
AUC 0.75 0.69 0.66
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Mannudeep K. Kalra, MD | Mark L. Schiebler, MD

SS5G03-07 Nodule Texture Predicts Response to Nivolumab Based Immunotherapy for
Non-Small Cell Lung Cancer
Mahdi Orooji, PhD | Monica Khunger, MD | Mehdi Alilou, PhD | Rajat Thawani, |
Vamsidhar Velcheti, MD | Anant Madabhushi, PhD )

\_

Nodule Texture Predicts Response to Nivolumab Based
Immunotherapy for Non-Small Cell Lung Cancer

Tuesday 11:30-11:40 AM | SSG03-07 | Room: S404CD

PARTICIPANTS:

Mahdi Orogji, PhD Cleveland, OH (Presenter)
Disclosure: Nothing to Disclose

Monica Khunger, MD Cleveland, OH
Disclosure: Nothing to Disclose

Mehdi Alilou, PhD Cleveland, OH
Disclosure: Nothing to Disclose

Rajat Thawani, Cleveland, OH
Disclosure: Nothing to Disclose

Vamsidhar Velcheti, MD Saint Louis, MO
Disclosure: Nothing to Disclose

Anant Madabhushi, PhD Piscataway, NJ
Disclosure: Nothing to Disclose

PURPOSE

Nivolumab, a PD-1 inhibitor has shown clinical efficacy in patients with non-small cell
lung cancer (NSCLC). It has been approved for treatment of patients with chemotherapy
refractory, advanced NSCLC. The current standard clinical approach to evaluating tumor
response is sub-optimal in defining clinical benefit from immunotherapy drugs. We
sought to evaluate whether computer extracted radiomic features of nodule texture and
shape from a baseline CT scan are predictive of response to nivolumab based

immunatherapy.
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METHOD AND MATERIALS

A cohort of 31 consecutive patients who were treated with nivolumab were included in
the study. Patients who did not receive nivolumab after 2 cycles due to lack of response
or progression as per RECIST were classified as 'non-responders'; patients who had
radiological response per RECIST or had clinical benefit (defined as stable disease >10
cycles) were classified as 'responders'. The study team was provided with CT images
from 10 patients who responded to nivolumab, 10 who did not and 11 Cases were
blinded for validation. A total of 669 intra-tumoral texture (Gabor, Laws, Haralick)
features were extracted and the top 4 features predictive of response on the training set
(N = 20) were identified. Within the space of the top features, the optimal decision
boundary for separating the training instances was identified via a Quadratic Discriminant
Analysis (QDA) approach. The decision boundary was then used to evaluate the test
cases (N =11).

RESULTS

The top ranked features were the entropy, Kurtosis, and Variance of the Gabor texture
feature and Variance of the Law-Laplacian feature. The QDA classifier trained with these
top 5 features resulted in a 72.72% prediction accuracy on the test set.

CONCLUSION

Radiomic texture features extracted from the nodule on baseline CT scans were found to
be predictive of response for NSCLC patients treated with immunotherapy. Multi-site
validation is needed to establish the role of these features as predictive biomarker for
response to immunotherapy in NSCLC patients.

CLINICAL RELEVANCE/APPLICATION

Qur work suggests that we could better identify which patients are most likely to respond
to and hence benefit from immunotherapy. From an economic perspective, identifying
patients who are not likely to respond to immunotherapy could mean that expensive
checkpoint inhibitor drugs would not be needlessly administered to these patients.
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Part 2: In Preparation Journal

Spatial Statistic Aware Segmentation Paradigm:
Application on the Prostate Segmentation in the
Transrectal Ultrasound Images

Mahdi Orooji*T,Mehdi Alilou® , Lee Ponsky”, Anant Madabhushi®*
Tmx0143@case.edu, faxm788@case.edu
?Center for Computational Imaging and Personalized Diagnostics, Case Western Reserve University,
University Hospital Case Medical Center, Case Western Reserve University

Abstract—Prostate needle biopsy guided by transrectal ultra-
sound (TRUS) is the current gold standard for prostate cancer
(CaP) detection. An accurate detection of the prostate volume
and boundary is influential on diagnesis, treatment, and follow
up of CaP. Within this framework, prostate segmentation on
TRUS imagery is performed via introduced spatial statistic
aware segmentation paradigm. The spatial prior probability is
calculated in the training phase, and is used to estimate the
texture feature parameters corresponding to the prostate and
the background. Estimated parameters is employed to represent
an alternative probabilistic presentation of the prostate in TRUS.
Results show the 3D prostate capsule is more pronounced in the
new representation which ultimately results in more accurate
segmentation. Modified active shape model (ASM) is introduced
and applied in the new 3D TURS representation for prostate
segmentation.

Index Terms—Prostate Segmentation, Texture Feature
Heatmap, Parameter Estimation, Expectation-Maximization,
Maximum Likelihood Estimation, Active Shape Model

I. INTRODUCTION

Prostate cancer (CaP) is the second-leading cause of cancer
deaths in men and leading cause of cancer deaths men over
age 50 in the United States. It is estimated 450,000 new CaP
case swill be detected by 2015. Predictions also suggest one
fourth of new CaP cases will be in men less than 65 years
of age which emphasizes the necessity of early detection and
localization of CaP. Prostate needle biopsy guided by transrec-
tal ultrasound (TRUS) is the gold standard for CaP diagnosis.
Determining the prostate volume and identifying the prostate
capsule plays a crucial role in needle targeting. Due to the
importance in delineating the prostate on TRUS, semi and fully
automated prostate segmentation methods for TRUS imagery
have been developed. Despite recent advances in transducer
design, resulting in improved spatial and temporal resolution,
TRUS image segmentation is still heavily influenced by the
quality of data [1], [2]. Additionally, TRUS segmentation is
vulnerable to variety of artifacts, such as, different levels
of signal attenuation, shadowing artifacts, and speckle. Low
contrast between areas of interest is another difficult problem
in prostate segmentation on TRUS.

Previous prostate segmentation algorithms for TRUS im-
age have focused on incorporating prior knowledge such as
prostate shape [3] or prior spatial probability [4]. Recently, 2D
or 3D boundary extraction methods have been developed based

on probabilistic data association filters [2]. However, these
approaches assume prior information for the prostate shape
(such as concavity) and/or need manually placed initial seed
locations inside the prostate [5]. Recently, active contour-based
approaches have been used for prostate segmentation. These
methods assumed prior spatial properties [6], or needs some
initial points on [7] or near [8] the prostate boundary. These
methods have also been employed to fuse multi-modal images
of the prostate [9]. Our method is a fully automated semi-
supervised segmentation algorithm that uses only the spatial
prior probability for parameter estimation. Feature parameter
estimation considers all voxels in an image; however, segmen-
tation is performed on each voxel independently. Considering
joint probability of extracted features and other criteria such
as restricted maximum distance of voxels in the segments or
morphology of the segments [10], the presented method can
be generalized to exploit prior particular available knowledge.

In this work, we formulize a spatial statistic aware seg-
mentation paradigm, and applied it for 3D segmentation of
the prostate in the TRUS. Using introduced paradigm, a
distribution parameters of 129 texture features in TRUS is
estimated and the prostate/background probability heatmap
is generated via using estimated distribution. A more infor-
mative alternative representation of the prostate in TRUS is
introduced, and modified active shape model is applied on
it for automatic annotation of the prostate boarder. The rest
of the article is organized as follows. After the introduction
in the first section, to increase the readability, in the second
section the assumptions are described, the parameters are
defined, and the problem of matter is formulized. The spatially
aware distribution parameter estimation is elevated in the
third section. Estimated distribution is employed in the forth
section to introduce a new TRUS HeatMap Representation
(THR). In section five, a modified adaptive active shape model
is introduced and applied on THR. The performnce of the
method is evaluated in section six and the paper is concluded
in section seven.

II. ASSUMPTIONS AND PROBLEM FORMULATION

As a problem statement, the goal is to segment the prostate
in a TRUS image slide denoted by 7. Note that, I is a
2D axial section of a 3D prostate gland. The 3D capsule
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would be reconstructed by stacking the estimated prostate
capsule. To increase the readability of the manuscript, we
summarize the notation we used in the following. Here and
subsequently, @, Ay .y, Af, and |A| imply a is a vector,
A is a matrix with Y rows and X columns, a transpose of
matrix A, and determinant of matrix A, respectively. Suppose
N denotes the total number of voxels of /. By extracting L
features from the original intensity image, we can reconstruct
an observation matrix, Dy, = [d1,dz, -+ ,dy]" where the
vector d,, = {d,1,dp2, * ,dnp} for n € {1,2,--- N}
is a feature vector corresponding to each voxel of . To
keep the generality of approach, I is desired to be seg-
mented into K distinct sets of voxels, Si,---,Sg such
that the union of all segments cover the entire image, i.e.,
Ur 1Sk = I and ﬂk 1Sk = 0. The set of parameters
of each segment that needs to be estimated is denoted by
© = {M,A} in which Mgy = [, ji2, -, k]!, for
Hk = {HA Ly HE2 " s Mk, L} is the mean of the kth segment.

= B EzLxL Y k7 4] is the set of covariance
matrlces of each segments where 3,2 = [(r;\.?.j]. Table II lists
the notations used throughout this paper.

A. Spatial Prior Probability

Enxk = [&n.k], referred to as the Spatial Prior Probability,
is the likelihood of the nth voxel belonging to kth segment,
just based on its spatial information relative to the center of the
ultrasound probe in an axial TRUS image. So, Zk k=1,
for any given n. = is calculated from a set of J training studies,
where for each study the prostate has been segmented by an
expert. The origin for each study is set as the center of the
TRUS probe, so that the location of voxels have a consistent
position relative to the TRUS probe across all studies. g9 =i
for voxel n of jth training image belonging to class & where
k = 1 represent prostate and k& = 0 represent background.
So, each element of the spatial prior probability matrix is
calculated by averaging over all training images as:

Z g M

Hence &, 1 is the frequency of the nth voxel being located in
the prostate across .J training images.

The prostate is divided into three regions, the apex, the
midgland and the base such that they have equal length in
the sagittal axis. Two disjoint spatial prior probability was
calculated corresponding to the region of interest, one for
midgland and another one for the union of the apex and the
base.

fn.k -

B. Feature Set Probability

Py(d,;©) is the probability distribution function (PDF) of
a set of features associated with voxel n, given the parameters
(which are unknown). Without loss of generality, we assume
Py(d,,; ©) is modeled as a multivariate Gaussian distribution
[4]. Note that even the intensity of the ultrasound image
is Rayleigh distributed [11], [12]; however, considering the
central limit theorem under weak dependence condition, the

Gaussian distribution of the extracted texture features is a valid
assumption [13].

Matrix of Segments: To make the feature set parameters
estimation problem tractable, we define an auxiliary (latent)
variable Zy x x = [2,.1], @ Matrix of Segments, such that any
arbitrary nth row of Z has only one element of 1 at kth column
which implies nth voxel of I belongs to Sy, and the rest of
the elements of the nth row are zero.

Parameter estimation is the solution of the following max-
imum likelihood equation:

6 = argmax P(D|©,Z)
(5]
. argénax;log (P(D|Z.(—),:)P(Z|(—),: ) @

The conditional distribution of the observation matrix given ©
and Z is given by:
]\V

[ P(dn1z.8) = ®)

n=1

IIH[%””EW”(nAMZﬂ&—mMWH

n=1k=1

P(D|Z,0,5) =

The matrix of segments is independent of the distribution
parameters and its probability value is a function of spatial
prior probability matrix as follows:

N K

5= @

n=1k=1

P(Z|8,E) =

One should note that for other feature distributions rather than
Gaussian (such as the distribution of the intensity in TRUS
images which is Rayleigh distribution [11], [12]), (3) needs to
be substituted by a proper corresponding distribution function.

ITI. SPATIAL AWARE DISTRIBUTION PARAMETER
ESTIMATION

It is assumed that the TRUS image is consist of two
segments, the prostate and the background. Constrained to the
calculated prior spatial probability in (1), we employed an
iterative expectation-maximization algorithm to estimate the
parameters associated with the prostate and the background
in the TRUS for each individual texture feature. In the other
words, for a given observation matrix D, we estimate the ma-
trix of parameters, {M, A?}. Using the estimated parameters,
we introduced a new representation of the TRUS in section
V.

It is guaranteed that the expectation-maximization algorithm
converges to the local maximum likelihood, however, the
convergence of it to the global maximum and the legitimacy
of the results is very reliant on the initialization [14].

To improve the parameter estimation, we introduced param-
eter estimation method, namely Decoupled Maximum Like-
lihood (DML), that employed the spatial prior probability
for a sub-optimum maximum likelihood estimation. The sub-
optimum estimated parameters are used an initial estimation
of the parameters in the expectation-maximization algorithm.
Our assessments shows the introduced method converges to
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TABLE 1
DESCRIPTION OF NOTATION USED THROUGHOUT THIS PAPER.

Notation Description Notation Description
I TRUS image scene. O = {M,A} Set of actual parameters.
N Total number of pixels. O = {M,A} Set of estimated parameters.
L Total number of extracted features. Bk = [pralixL Vector of actual means of kth segment.
K Assumed number of segments. bk = [fra)1xL Vector of estimated means of kth segment.
Dn«r Matrix of observations. Ef = [”Em loxz | Setof actual covariance matrix of kth segment.
dn Features vector of nth voxel. 32 = [&zi‘] JLxz | Setof estimated covariance matrix of kth seg-
ment..
= = [&n.k]NxKk | Spatial prior probability matrix. 17(0) Fisher Information of parameter 6.

the global maximum with less number of the iterations and
does not trap on the local maximum.

A. Decoupled Maximum Likelihood (DML) Approach for Ini-
tial Estimation of the Parameters

By substituting corresponding values from (3) and (4) into
(2), one can note that the maximum likelihood problem does
not have an analytical closed form solution. When the analyt-
ical solution does not exist, generalized maximum likelihood
ratio test (GLRT) is proposed [15]. GLRT is not an optimum
solution, because instead of maximizing the likelihood ratio,
independently treats the nominator and the denominators of
the likelihood ratio and maximize them separately [16]. So, it
results in the sub-optimum answer. Using GLRT algorithm, we
introduced the decoupled maximum likelihood to estimate the
parameters of the nominator (corresponding to the prostate)
and the denominator (corresponding to the background) sepa-
rately. The algorithm is as follows.

The parameters of kth segment is denoted by 6, = {/ix, £7}
for k = 1 and 2 corre§g)onding to the background and
the prostate, respectively. ), ML) are estimated parameters of
kth segment obtained by and decoupled maximum likelihood
approach. So,

0PMY — argmax P(D|0x,Z), for 1<k<K (5
O
From (5), it is implied that the parameter estimation problem

for each segment is decoupled to become tractable. To solve
(5) we have,

P(D|6x.Z)

i

n=1

(6)

s _ En.k
[m exp ((dn - ﬁk)le:2(d" = ﬁk))]

After some manipulation one can show that the solution of
DML parameter estimation from (6) is given by:

27],\;1 fn.kd_n

a A
—P(DI|6;,5) =0 = i = ’
a‘ujk ( | ) ) " Zf:rzl gn,,l\: ( )
) = 5 N— n,k (in —f1%)?
WP(D|0[;,:) =0= 2= Tl fNA( LK)
‘ Zn:] fn.k

®)

The estimated mean and variance from (7) and (8) are
employed as an initial mean and variance in the next step.

38

B. Parameters Estimation Per Individual Texture Feature

The solution of the Maximum Likelihood (ML) Ratio Test
for each texture feature is the optimum unsupervised parameter
estimation approach [15], [17]. However, ML is too compli-
cated to be derived analytically. Hence, we employ an iterative
algorithm, inspired by the Expectation-Maximization (EM)
mixture model parameter estimation approach, to estimate
values of ©. EM is a powerful iterative algorithm to estimate
the parameters of the mixture models when the associated log-
likelihood maximization problem is too complicated to solve
analytically. Using the same approach, we modified the two
steps of Expectation and Maximization as follows:

Expectation Step:: Current and revised estimation of © are
denoted by ©P and ©NEW | respectively. The conditional ex-
pectation of log P(D, Z|©) given D and the current estimation

of © is given by,

Q(©; 8% = E, [log P(D, Z|©)] 9)
N K

=Y E; [zn_k‘D.OOLD] X
n=1k=1

L = 9
(logf,,‘k =g log 27 — log |X| + (d,, — ﬂk)*Z,\fz(d,, = ﬁk))

where F.[.|z] is the conditional expectation given X, respect
to 2. After some manipulation one can show that:

L2 Ey, [zn.k ’ D. (_)OLD]
B En kP (cz,l ;".k_g.)OLD>
= Yo i bl (J,, ;;n.k’(:)OLD)

T,k (10)

Maximization Step:: It has been shown in [18] that the log-
likelihood function is the monotone increasing function of the
number of EM iteration steps. So, regardless of the initial value
of ©, EM converges. ONFW | the new values of parameters, are
the solution of:

ONEW _ arg max Q ((—)._ (—)OLD)
S

(11)

By calculating the partial derivative of (9) and (10) respect to
ju. and Y, one can show that
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IV. TRSU HEATMAP REPRESENTATION (THR)

Prostate segmentation in TRUS is a challenging task mainly
due to the high inherent noise of the ultrasound images [19].
On the other side, the proficiency of the texture features in
the prostate segmentation is already investigated [20]. We
employed the power of the texture features in presenting
the prostate in the ultrasound images and also the spatial
statistics information to introduce an alternative representation
of the TRUS image, in which the prostate capsule is more
pronounced in compare to the original TRUS image. We
named it the TRUS-HeatMap Representation (THR) .

To generate the THM representation, we need to generate
the heatmap probability of the foreground and the background
per feature. To do so, the first step is calculating the spatial
prior probability by substituting the prostate capsule annota-
tions in (1). Because the size of the prostate capsule in the
apex and the base are close and it is relatively smaller than
the size of the prostate in the midgland [21], so, we generated
two disjoint spatial prior probability model for two sets of the
apex/based and midgland.

In the second step texture features were extracted for a given
TRUS image. In this articled we employed total of 129 texture
features which described in Table II. Considering the spatial
prior probability, in the third step we employed the Spatiall
Aware Distribution Parameter Estimation Method introduced
in section III to answer which segments in conjunction with
which set of parameters are going to maximize the likelihood
of observed extracted texture features of a TRUS image. To
improve the proficiency of EM-based parameter estimation
method, as it was described in the subsection III-A, we
included the Decoupled Maximum Likelihood approach for
initial estimation of the parameters in the third step.

And finally in the fourth step, the estimated distribution pa-
rameters corresponding to the foreground and the background
for each feature is used to generate the foreground and the
background probability heatmap. Figure 1 demonstrates the
heatmap generation schematic for a texture feature. Figure 2
demonstrates the heatmap of the prostate and the background
for Haralick features [22].

A. Adaptive Combination of the Texture Feature's Heatmaps
to Generate THR

After calculating the probability heatmap of the foreground
and the background for each feature, we need to find which
feature in the foreground and which feature in the background
has the highest capability of the prostate segmentation. To
do so, we need to define a proficiency metric for foreground
heatmaps and the background heatmaps.

& 2wn #n, 1P (dn)

Ppr = (14)
ZV'H Zn,1
Zn, 1—F& dn
bBK A ZVn 0( i ( )) (15)
ZVH #n,0

By combining the estimated probability of the prostate and
the estimated probability of the background, we generated
the prostate probability heat-map. Defined proficiency metric
is employed to find the most proficient texture features for
discriminating the prostate from the background. So, we added
the proficiency weighted heatmaps to obtain the final prostate
heatmap. Finally, AAM is applied on the prostate probability
heatmap from the previous step for prostate segmentation in
TRUS. Figure 3 demonstrates the prostate heatmap.

B. Calculating the Heat-map

Estimated features parameters, O, induce maximum likeli-
hood image segmentation regardless of the parameter estima-
tion approach (DML or ML). The prostate heat-map is defined
as the conditional probability (given estimated parameters) that
a voxel n belongs to the prostate which would be:

Plgna = 1]6) (16)
1

5 [P (@] 7n,5%) +600 (1= P (4] o, 53) )]

where 3 is a normalization factor to guarantee that the heat-
map values are in the range of 0 to 1.

V. ADAPTIVE ACTIVE SHAPE MODEL ON TRUS
HEATMAP

VI. EXPERIMENTAL RESULTS
A. Dataset

The presented EM-based segmentation method was applied
on 3D Transrectal Ultrasound (TRUS) images for six patients.
TRUS images was acquired using a bi-planer side-firing tran-
srectal probe. A prostate boundary on TRUS was manually
delineated by an expert radiologist. To correct for the possible
TRUS attenuation artifacts (due to the fact that pixels closer
to the probe appear brighter), we employed the method in [4].
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TABLE 11

DESCRIPTION OF THE TEXTURE FEATURES USED FOR PROSTATE SEGMENTATION IN TRUS.

Feature category Descriptor Intuitive Description

IDM is a reflection of the presence or absence of uniformity, and hence is a

Haralick features Inverse Difference measure of local regions of homogeneity
(Repeated occurrence of | Moment (IDM) High IDM: Higher presence of locally uniform windows in GLCM
grey level configuration | Low IDM: Higher presence of locally heterogeneous windows in GLCM

in the texture represented

Quantifies the linear patterns in an image based on the distance parameter.

via the grey-level co- Correlation
occurrence matrix Measure of GLCM relationship to distribution of intensity with respect to entropy.
(GLCM), which varies Sum Entropy Entropy is the measure of disorder.
rapidly with distance in Measure of GLCM relationship to distribution of intensity with respect to variance

fine textures and slowly S Vadlarice
Su

High sum variance: greater standard deviation of sum average

in large textures) Low sum variance: low standard deviation of sum average
Laws features BS, LS5, 85 | Combining E- Edges, L- Level and S- Spots in both X any Y directions
Laplacian pyramids Multi-resolution filters capture edges at different levels

Gray level features

The basic, intensity based features including mean, median, range and standard

deviation.
Gabor Features | Oriented textures via changes in direction and scale; capture microarchitectures
Gradient Features | Represent the directional change in the intensity values of pixels in the ROI
Local Binary Pattern | Thresolding the window with the center pixel value.
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Fig. 1. Schematic of four steps used for generating the foreground and background heat-map per texture feature.
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