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Abstract

Wider information content of multi-modal biomedical imaging is advantageous for detection,
diagnosis and prognosis of various pathologies. However, the necessity to evaluate a large number
images might hinder these advantages and reduce the efficiency. Herein, a new computer aided
approach based on the utilization of feature space (FS) with reduced reliance on multiple image
evaluations is proposed for research and routine clinical use.

The method introduces the physician experience into the discovery process of FS biomarkers for
addressing biological complexity, e.g., disease heterogeneity. This, in turn, elucidates relevant
biophysical information which would not be available when automated algorithms are utilized.
Accordingly, the prototype platform was designed and built for interactively investigating the
features and their corresponding anatomic loci in order to identify pathologic FS regions.

While the platform might be potentially beneficial in decision support generally and specifically
for evaluating outlier cases, it is also potentially suitable for accurate ground truth determination in
FS for algorithm development. Initial assessments conducted on two different pathologies from
two different institutions provided valuable biophysical perspective. Investigations of the prostate
magnetic resonance imaging data resulted in locating a potential aggressiveness biomarker in
prostate cancer. Preliminary findings on renal cell carcinoma imaging data demonstrated potential
for characterization of disease subtypes in the FS.
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1 Introduction

By inferring various biophysical, chemical and structural tissue properties, biomedical
imaging enables the detection of tissue states (e.g., benign or malignant) for diagnostic
and/or prognostic purposes. For example, tissue water content assessment with To—weighted
(T2W) magnetic resonance imaging (MRI) and inference of microstructure by diffusion
weighted (DW) MRI are standard techniques utilized in different organs for various
diseases, disorders, (e.g., a variety of neurological conditions [1]) and damage types (e.g.,
diffuse and local brain injuries [2]). Furthermore, new methods are being developed to
explore new biophysical avenues, e.g., tissue magnetic properties [3].

However, there are pathologies where considerable signal overlaps exist between malignant
and benign conditions in individual modalities. This in turn hinders or prevents successful
categorization. By contrast, inclusion of multiple imaging modalities increases information
content, thereby providing better assessment accuracy. For instance, in the prostate, where
benign prostatic hyperplasia (BPH) and prostate cancer (PCa) might be indistinguishable
with T2W-MRI alone [4], the addition of apparent diffusion coefficient (ADC) maps
improves the detection and characterization of cancer foci [5], [6], [7].

A significant challenge imposed by a wider usage of the multi-modality imaging is the
necessity to longitudinally evaluate a large number of images obtained from multiple
anatomic sections with different imaging modalities (e.g., MRI, positron emission
tomography (PET)) and sub—modalities (e.g., ADC, T2W in the case of MRI). This massive
amount of data impedes the efficiency of initial and longitudinal evaluations in management
strategies, such as active surveillance in PCa [8] as it requires a considerable effort that is
highly susceptible to inter—and intra—observer variability [9], [10], [6], [11]. This
subjectivity might result in misdiagnosis and potentially in mistreatment of the patient, and
therefore might have serious consequences. Moreover, as new imaging methods are added to
the multi-modal information pool, there might be a time lag before sufficient clinical
expertise is widely available, especially in highly complex diseases such as PCa [12].
Accordingly, there might be advantages to presenting the essence of multi-modal imaging
data in a compact manner for usage in research, development and the clinic.

Herein, a computer aided visualization and decision technique, which assembles several
tissue properties in a single entity, is introduced with a prototype implementation. Its
essence is the exploration of the entirety of these properties originating from all of the
images instead of multiple individual image evaluations. The foundation of the technique
comprises the feature space (FS), which is constructed by combining signals from different
imaging modalities into points in high—dimensional spaces as described in Section 2.
Therein, the whole is greater than its parts because regardless of their anatomic location, all
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of the tissues with similar multi-modal imaging properties are projected onto the same
neighborhoods within the FS. Reciprocally, the features contained in a given FS
neighborhood are shared by multiple anatomic regions. By using this principle, the method
herein assists in locating malignant and benign FS regions in order to identify the complete
anatomical disease burden in a single instance.

Under ideal conditions, if known, an appropriate combination of biomedical imaging signals
specifically sensitive to discriminating biophysical properties of the investigated pathology
would be utilized. This would create in the FS homogenous, i.e., unmixed malignant and
benign features, even more desirably, separated neighborhoods thereof.

In general, however, biological complexity with its possibly infinite dimensionality prevents
such a clear—cut scene. Signal overlaps occur as each imaging modality projects the infinite
dimensional biophysical FS onto its lower dimensional detection range, e.g., T2W prostate
MRI described above. Ultimately, the homogeneity of the FS neighborhoods is determined
by the level of specificity and sensitivity that imaging modalities can provide. The extent of
insufficiencies depends on the disease and its complexity. A challenging example discussed
in Section 4 is PCa, which possess ‘mimics’ even in multi-modal imaging [13].

For each organ and various pathologies the task is therefore twofold: determining the
necessary and sufficient imaging modalities, and identifying the significant FS regions. The
latter is a building block for addressing the former, which is a future research topic that will
be addressed by assessing various modality combinations

Without a common avenue for locating malignant FS regions applicable to various
pathologies, manual FS investigations are highly valuable for understanding and interpreting
multi-modal imaging data. For instance, in Section 5, the individual FS analysis verified
recent findings about different subtypes of renal cancer. Likewise, in a clinical environment
where complex disease and/or unusual cases are encountered, relevant decision assistance
might potentially be obtained. Furthermore, the lack of separation between FS
neighborhoods is perhaps the biggest challenge of pattern recognition algorithms, such as
support vector machines [14], [15] and discriminant analysis [16]. Accordingly, important
insight might be obtained with exploration of the multi-modal data by medical experts in a
research or clinical environment. For example, during automated method development,
determining ground truth by direct exploration of the FS, where the algorithms operate,
might be potentially more accurate than currently used manual identification on multi—
modal images.

Here, the prototype of an interactive evaluation environment for manually locating
suspicious and malignant features is implemented. The software package described in
Section 3 equips the user with the capability to visualize the bi-directional correspondence
between features and anatomic loci. Named after its interactive implementation of this
exploration capability, Interactive Feature Space Explorer® (InFS—Explorer® or InNFSExp®
or InNFSE®) relies on the user’s expertise to identify regions of interest (ROI) within the FS.
The interactive process involves an adjustment procedure by shuttling between the FS and
anatomic regions until the satisfaction of the specialist. In a sense, INFS—Explorer®’s
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graphical user interface (GUI) translates the specialist’s knowledge into practice during the
discovery of FS ROls.

2 An Overview of the Feature Space

The FS framework, which had been previously used in satellite image processing systems,
was applied to MR images [17] about three decades ago. Later, FS was further utilized in
segmentation and classification problems for various anatomies [18]. In this section, an
overview of the FS is presented.

In biomedical images, the signal intensity at each pixel is defined by the measurement
obtained from the pixel’s anatomical location. As each signal depends on specific tissue
properties, maps and images of the same anatomy reflect different intensity and contrast
levels as shown in the ADC map and T2W images of Fig. 1.

In this manuscript, the feature vector at a given anatomic location is constructed by stacking
the signal values from each modality into an array of numbers. The entries of the feature
vector can originate from various biomedical imaging modalities such as computed
tomography (CT), PET and MRI, as well as maps and sub—modalities (e.g.,
Fluorodeoxyglucose (FDG) PET, T1—weighted (T1W) and T2W images, diffusion, T1 and
T, maps of MRI, etc.). Mathematically, the feature vectors live in a space of dimension
equal to the number of imaging modalities used in data acquisition, i.e., FSCR™ where m
denotes the number of modalities. More formally

FS={[fi(@)... fm(2)]" |z € V C R?}

where f; is the signal from the i!" modality, x denotes the voxel location and V is the
anatomic volume of interest. For example, in Fig. 1, FS = {[ADC(X)T2(x)]"| x€Prostate}.

The content of the FS is visualized by plotting vectors gathered from all of the pixels in the
multi-slice volume (see Fig. 1). Each feature vector is shared by multiple pixels exhibiting
the same properties. Accordingly, if the location of features of interest (e.g., malignant) is
known, disease burden is presented anatomically (see Section 3) by visualizing anatomic
regions with those features. This one—to—many association from the FS to the anatomic
locations makes determining the malignant FS regions the epicenter of the approach.
Consequently, the biomarker value of the FS is based on locating the neighborhoods
containing pathologic tissue features. Once known, these malignant features can identify
anatomic loci that might otherwise be missed when images are analyzed individually.

In practice, when constructing the FS from multi-modal imaging data, possible inter-modal
image resolution mismatches need to be eliminated using co-registration techniques (see
Section 3). In addition, modality specific artifacts, such as image distortions, should be
corrected before creating the feature vectors. More generally, global systematic changes
such as a constant signal shift, i.e., fj(x)+c;, will not necessarily affect FS evaluations as they
displace the entirety of feature points in the it dimension without affecting the relative
location of malignant and benign FS sets. However, local artifacts dependent on voxel
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positions, i.e., fj(x)+Afi(x) fj(x)+, might mischaracterize biophysical tissue properties at those
locations and therefore need careful treatment. For example, the intensity inhomogeneity in
MR images is adjusted [19] prior to evaluation. On the other hand, smaller perturbations
where Afj(x) remains at the noise level do not necessarily require adjustments as they will
not displace largely the points inside the FS neighborhoods. As the aforementioned issues
manifest differently for various modalities and anatomies without a common solution,
specific preprocessing is generally required for individual combinations.

Earlier works adopted the FS for the purpose of tissue classification by identifying ellipsoid
neighborhoods in the FS [17], segmentation using various methods including feature
extraction [18] and optimizing mathematical transformations of the FS for clustering normal
tissue’s feature points at predefined target positions [20] for a standardized analysis.

However, in challenging pathologies the complexity and heterogeneity of the biological
tissue necessitate more sophisticated geometric descriptions of FS neighborhoods. PCa is an
example, where “it is difficult, if not impossible, to extract specific ranges for individual
parameters” [21]. In other words, in PCa simple rectangular ROIs parallel to the coordinate
axes of the multi-modal FS cannot capture completely the malignancies. In fact, the
malignant FS regions in Figs. 6 and 8 are non—convex and therefore they cannot be obtained
by thresholding methods including ellipsoids, linear discriminants and histogram based
procedures.

One of the important goals of FS analysis is the description of the FS regions encapsulating
all of the suspicious features regardless of the number of anatomic pixels sharing those. In
PCa, this is equivalent to the detection and staging of “small albeit significant tumors” [22].
Missing one aggressive pixel during individual image evaluation, might potentially be
avoided by using the FS.

The strategy is then the direct investigation of properties on the FS rather than replicating
simultaneous evaluation of anatomical images from different modalities by a human
observer as is most commonly attempted. Described mathematically, the total multi-modal
(FS and imaging) space is modeled as & = R™ x R3, where R™ is the FS obtained from m
different modalities and R3 is the anatomic location space. InFS—Explorer® works according
to the following commutative diagram:

R™ % R3

! L@
R™ 2 RB

The basic operation implemented by InFS—Explorer® s GUI relies on the correspondence of
the subsets of FS (R™) with the anatomic locations (R3) and vice versa as shown in Fig. 2.

In addition, the anatomic volume information can be visualized by color coding the
histogram of the pixels and overlaying it on the FS scatter plot on the right of Fig. 1 (see
also Fig. 3 corresponding to color overlay of Fig. 1, and see Figs. 6, 7 and 8 below for a
comparison of tumor burden).
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3 InNFS—Explorer ©

Pathologies of complex and heterogenous nature might manifest inter— or intra—patient
variations, which consequently require individual analysis of the biomedical imaging data.
For this purpose, InFS—Explorer® is designed specifically for physicians to search and
validate the FS regions, whereby their cumulative experience and knowledge is translated
into identifying relevant tissue properties. The methodology outlined in Section 2 establishes
a framework for connecting biological information and data analysis. INFS-Explorer®’s
GUI in Fig. 3 implements the interactive exploration of the FS and anatomic space.

Prior to the GUI’s launch, there are several data preparation steps that must to be completed.
First, signals from areas other than the investigated organ might bring additional
unnecessary features, enlarging the FS point cloud. As this will conceal the critical features,
it might be necessary to generate an appropriate initial mask of the organ volume. InFS—
Explorer® incorporates a rudimentary image intensity thresholding algorithm that would
create masks for whole signal volumes (e.g., head volume extraction from a large field of
view (FOV)). The program uses half of the mean value of the signal from all of the volume
as the threshold for creating binary masks at each slice. Subsequently, the holes in the binary
masks are filled by using the imfill function of the Matlab® Image Processing Toolbox®.
This simple strategy for creating organ masks has been useful in several cases but specific
image processing algorithms (e.g., skull stripping) are beyond the scope of the software. For
complicated anatomies, such as the prostate, it is more efficient to externally provide a
mask. The mask might be manually prepared —a highly reproducible task in a clinical
environment— or automatically generated if successful algorithms exist. INFS—Explorer®
applies the mask over the image volume for obtaining only the features from the anatomy of
interest.

Second, depending on the anatomy and the modalities, the images might need to be
preprocessed, e.g., patient motion and systematic distortion corrections. Each biomedical
imaging modality suffers from its own artifacts and therefore requires its own correction
algorithms. It was, therefore, more suitable to keep the preprocessing out of the scope of
InFS—Explorer®.

More importantly, possible image resolution differences between modalities might result in
differences of pixel center locations in the anatomic space, R3. Without image co—
registration, this location mismatch invalidates the operating diagram ((1)), as stacking
features from different positions would be meaningless. In the absence of cross—modality
and anatomy specific external co—registration algorithms for resolving the mismatch, InFS—
Explorer® has an option to use the nearest neighbor algorithm on the volume for preserving
information content and fidelity. The algorithm was implemented with the standard
Matlab® command griddedInterpolant [23] in R3 which subdivides lower resolution voxels
(i.e., large) into smaller ones to match the higher resolution voxel locations while keeping
the original signal value.

Finally, although calculated maps (e.g., calculated T, maps versus T2W intensity images)
are quantifiable and may improve the outcomes (e.g., in PCa [24]), acquisition/computation
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speed makes the utilization of intensity images a necessity in most clinical applications. In
multiple patient studies (e.g., aiming for biomarker discovery) and/or longitudinal patient
surveillance where quantification is essential, intensity scaling or normalization using the
value obtained from a common region is necessary. For example, ROIs from the bladder are
utilized for scaling in Section 4 and for normalization in [25].

At the launch of an InFS—Explorer® instance, the aforementioned steps are achieved with
the setup window (not shown) by using drop down menus, forms and check boxes. By
default, the setup window names the study after its directory name and the modality data
after their file names. All of these settings, which can be modified by the user, are used in
labeling various graphs within the GUI. The setup menu gives the option of saving the
settings using the study name with a time stamp as the default file name for facilitating the
subsequent returns at later times.

Upon completion of the initial preparations, INFS—Explorer® loads the data and presents the
FS and the anatomical images as in Fig. 3. The user has the option to display the FS as a
scatter plot, as a contour plot and as overlaid combinations thereof. Similarly, switching
between different modality images is possible in the anatomical image window on the right
of Fig. 3.

Once FS and anatomic images are visualized, investigations start with demarcating ROIs.
Whenever an ROl is created on the FS or on the anatomic images, the GUI immediately
displays its corresponding regions on the anatomic images or the FS respectively. Likewise,
whenever the user modifies the ROIs on either side, the GUI simultaneously updates the
other side (see Fig. 3). The choice of initial ROI placement, i.e., on the FS or anatomic
images, depends on the user’s expertise, knowledge and comfort level about the particular
organ and the pathology. The user goes back and forth between the anatomic and FS ROI
adjustments until a satisfactory result is obtained as shown in the operational details of Fig.
4. Whereas in research (e.g., biomarker discovery) the termination criterion might be based
on a match measure to the ground truth (e.g., histopathological images), in clinical
applications the determining factor would generally be the user’s expertise level.

In the example of Fig. 3, multiple ROIs are differentiated by user—selected colors. Polygon
edge colors match pixel and feature point colors corresponding to the ROIs on the FS and
anatomic images respectively. The color scheme is also reflected in the 3 D display of the
anatomic burden within the whole gland. The software’s control panel allows for the
customization of ROI colors, marker size and line width. In addition, user-assigned ROI
names are utilized in the volumetric report creation.

This working prototype of INFS—Explorer © has been developed with the Matlab®
(Mathworks, Natick, MA, USA) platform. The current version accepts Digital Imaging and
Communications in Medicine (DICOM), Analyze and raw data files. The standalone
executables were compiled using Matlab® Compiler®. The points contained in the FS
polygons were computed by the in—house Matlab® implementation of the Point Inclusion in
Polygon Test [26], which is based on Jordan Closed Curve theorem’s application to
computational geometry [27].
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4 Prostate Cancer Studies

4.1 Background

The complex nature of PCa, which is the second leading cause of cancer death among men
in the United States [28], and its location within a small and anatomically complex gland
deep within the pelvis, makes its diagnosis difficult. Until recently, no imaging modality
was even capable of identifying PCa within the gland. As a result, current active
surveillance of PCa is based on prostate—specific antigen (PSA) testing [29] and periodic
random transrectal ultrasound (TRUS)—guided biopsy [30], which create uncertainty
regarding the aggressiveness of the disease being monitored, which in turn leads to a large
number of patients opting for potentially unnecessary radical therapies.

In response, biomedical imaging is a powerful methodology that might provide solutions to
these issues. Accurately locating PCa is fundamental for effective surveillance and guiding
diagnostic and therapeutic interventions with confidence [31], [32], [4]. However, the
absence of an imaging biomarker that attains this goal constitutes a crucial impediment for
image guided PCa strategies.

Single-modality MRI has been employed clinically as a biomarker in PCa detection and
evaluation [32], [33], [4], [34]. However, a significant challenge to PCa identification is the
heterogeneity of the disease [32], [33]. Aside from the disease’s usual appearance in the
peripheral zone, the existence of several other conditions, such as prostatitis, hemorrhage,
BPH, atrophy and post-treatment changes might also be perceived as cancer [4], [35] using
a single modality. Moreover, within the central gland, potential overlaps between cancer and
BPH make the delineation very difficult to achieve [33], [4].

Consequently, multi-modal imaging may play an important role as an effective biomarker.
This is substantiated in recent comprehensive reviews [36], [37], [35] by the rising number
of references utilizing multi-modal methods. However, PCa continues to pose significant
challenges [13]. In fact, PCa’s a notorious heterogeneity and complexity [36], [35]
motivated the development of computer aided diagnosis systems for addressing various
issues including but not limited to observer variability [9], [10], [6], [11], [21] as well as
improving observer performance [38]. Recent works [12], [11], [25] provide detailed
reviews of an extensive list of papers published since an earlier investigation [39].

The automatic algorithm development efforts in the literature share several common
procedures. First, radiologists were always involved in the determination of the ground truth,
in the absence [39], [12] or presence [11], [22] of biopsy data and/or, in working in tandem
with the pathologists when whole mount histopathology images were available [40], [21],
[25], [11], [41], [42]. Second, extracted (e.g., texture) [12], [11], [25] or direct (e.g., T2W or
ADC MRI) features [40], [22] were sorted according to their performance. Similarly,
various pattern recognition methods were tested for ranking their performance [39], [41],
[42]. Finally, performance criteria was commonly based on Receiver Operating
Characteristic (ROC) analysis, which is explained in more depth in [21], [41] and references
in [40]. ROC performance measures were obtained solely from the local cohorts data using
leave—one—patient—out methodology. Furthermore, non-imaging features, which are beyond
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the scope of this manuscript, such as spectroscopic data were incorporated by using
advanced pattern recognition methods [43].

Despite the achievements of the sheer number of recent and continuing meticulous studies,
the challenges of PCa are not yet satisfactorily met. New biological findings, e.g.,
vascularity in PCa [44], motivated re—examination of prior research for appropriately
combining MR sub—modalities [40], [22]. Furthermore, one commonly cited issue in
algorithm development is the difficulty of comparing results obtained from different centers
for various reasons such as differences in population, imaging equipment and annotations
[12], [25]. Algorithms are developed using each center’s data with reported local success.
However, without cross—validation between institutional cohorts, it is not possible to declare
a universal winner yet. Consequently, there might be advantages in analyzing the FS data
directly with InFS—Explorer® by radiologists/experts who are already involved in ground
truth determination.

Currently, in multi-modal PCa imaging, two MR modalities are in prominent use: T2W
MRI and ADC have been gaining clinical acceptance after the latter’s earlier introduction
with animal PCa models [45]. Biophysically, these modalities inform about water content
and microstructure of the tissue respectively.

4.2 Application of INFS—Explorer® to Prostate Cancer

The Molecular Imaging Program (MIP) at the National Cancer Institute’s (NCI) Center for
Cancer Research has a fairly large volume of PCa patients at different disease stages. The
center uses endorectal coils for higher signal to noise ratios. With fluorinert placed within
the balloon of the endorectal coil to reduce susceptibility artifacts, patients undergo multi—
modal MRIs (T2W and DWI1) of the prostate using a 3T Philips Achieva scanner (T2W
turbo spin echo, slice thickness 3 mm, TR (repetition time)/TE (echo time)= 8870/120 ms,
DWI: slice thickness 2.73 mm, TR/TE= 4288/57.36 ms). ADC maps are computed
automatically by the scanner manufacturer’s package. Approximately 15 — 20 cases are
performed per week.

In patients determined to have suspicious lesions, an MRI-TRUS guided fusion biopsy is
performed with an occurrence rate of 6 — 10 cases per week. Out of those, 2 — 3 per week
receive a radical prostatectomy. Based on these statistics, a sample size of n > 35 satisfies,
with a minimum difference of 1 patient, the statistical power of (1-f) =0.9 and a
significance level a = 0.05 assuming ergodicity and a normal distribution with the inferred
standard deviation of o= 2 from weekly biopsy rate at the MIP.

For investigating the potential biomarker value of ADC-T2W MR-FS, a cohort of 44
consecutive patients (62.07+6.32 years old with the range of [49,71] years, 15 biopsy
verified with aggressive PCa) were obtained from MIP’s patient population. The protocols
were approved by institutional review board (IRB) and written patient consent was obtained.
Prostate gland masks were automatically generated using the prostate segmentation
algorithms described in [46], which were subsequently inspected and corrected [47] by a
radiologist. The data were de—identified prior to their transfer to Arlington Innovation
Center.
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The cohort had biopsy Gleason scores ranging from (3+3) to (4+5) with the patient
distribution according to each case’s smallest and largest scores shown in Fig. 5. Biopsies
containing a Gleason score above or equal to (4+4) were classified as aggressive cases as the
ground truth criterion, which is a standard practice in the literature [11], [22]. The analysis
was carried out following the steps of Section 3, as exemplified by Figs. 7 and 8.

The retrospective analysis with INFS—Explorer® revealed a potential biomarker in the form
of a specific region within MR—FS [48], namely a bulge in [low ADC]-[mid-low T2W], for
distinguishing aggressive from indolent PCa (see Fig. 6).

Within the cohort, one aggressive and two low-risk cases (not shown) were declared
inconclusive. The aggressive case was considered as a false negative for analysis purposes.
In another aggressive case (not shown), the anatomic loci corresponding to the encapsulated
MR-FS bulge covered less than the tumor burden observed in T2W images. However, this
is expected since PCas are notoriously heterogeneous and may contain both aggressive and
less aggressive regions as shown in Fig. 8. Reciprocally, the demarcation of the anatomic
burden engaged a small portion of the MR-FS bulge with most of the features leaning
towards the center of the FS. Nevertheless, despite the discovery of motion artifacts in T2W
images, this case was declared a false negative as well.

The only false positive case, shown in Fig. 3, displayed an FS bulge with Gleason scores
from midline apical mid anterior central axial and sagittal sampling reporting (3+3) 80% and
(3+4) 60%, and midline mid base anterior central axial and sagittal (3+4) 6% and (3+3)
50%, all involving 1 biopsy core. In this case, the biopsy scores have been validated by the
post—prostatectomy histopathology (written) report.

In all of the cases, demarcation of MR-FS ROls in the [low ADC]-[low T2W] range
resulted in benign anatomic loci, such as the anterior fibrous stroma, various prostatic
capsule regions and pseudocapsule. This important observation further validates potential
location of features of aggressiveness in the [low ADC]-[mid—low T2W] region.

Moreover, the FS ROIs of Figs. 7 and 8, with oblique edges and the non—convex polygon of
Fig. 8 demonstrate that one sided or range based thresholding (see Fig. 9), and more
generally any method producing convex FS ROIs might incorporate false positive malignant
pixels (see the green arrow in Fig. 8). This motivates a preference for nonlinear pattern
recognition algorithms (e.g., over linear SVMs) in the future.

In conclusion, agreement with cohort biopsy findings provides evidence that a specific
region of FS corresponding to low ADC-mid-low T2W yields aggressive PCa with high
confidence as summarized by the Table 1. In addition to motivating careful future
investigations for further verification towards a complete validation (e.g., by full mount
histopathology), herein, valuable biophysical information was obtained by exploring T2W-
ADC MR-FS properties with InFS—Explorer®.
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5 Preliminary Results on Renal Cell Carcinoma

Renal cortical tumors are a family of neoplasms with different biological features and
clinical behavior creating significant challenges in disease identification. With the increase
of incidental detection [50], postoperative evidence suggests that a significant portion of
renal lesions that are falsely diagnosed as malignant are eventually proven benign after
pathological examination [51]. The insufficiency of existing imaging and biopsy techniques
to accurately diagnose and identify disease subtypes is a significant concern towards the aim
of avoiding unnecessary interventions. Consequently, improvements could potentially be
achieved by the use of multi-modal imaging with the InFS—Explorer® platform.

Herein, preliminary investigations were conducted using the two sub—modalities of MRI
Chemical Shift Imaging (CSI) [52]. The FS was formed by using {Out-Phase, In-Phase}
CSI characteristics obtained by changing the echo time (TE). Whereas in In-Phase images
both water and lipid magnetic moments are aligned at the echo time to create a strong signal,
the opposite occurs for the Out-Phase portion, thereby creating signal strength differences
between water and lipid protons at each location [52].

In the past, CSI has been investigated to quantify lipid content of renal cortical tumors,
which could be a differentiating factor [53], [54]. A recent study showed marked CSI
differences in angiomyolipomas and clear cell renal cell carcinomas (RCC), but lesser
degrees of CSI differentiability was also noted in oncocytomas and, papillary and
chromophobe RCCs [55]. Such studies are based on visually selected anatomical ROI
analysis by different observers, which inevitably creates variability between their
evaluations. In order to address this challenge, INFS—Explorer® was used on the MR—FS of
renal cancer cases. The outcome is highly encouraging towards future studies with inclusion
of different biomedical imaging modality combinations, such as utilization of dynamic
contrast enhanced (DCE) MRI and DWI.

Data from five patients with different renal cancer subtypes (see Fig. 10 and Table 2)
admitted to Memorial Sloan—Kettering Cancer Center were analyzed. As both image sets
were at the same resolution, there was not a need for co—registration. A 1.5T GE Signa
Excite MR scanner with TR/TE(in)/TE(out) = 185/4.509/2.216 ms, slice thickness 8 mm,
flip angle 90°, 8 channel body upper receive coil, 256x256 resolution were used in data
collection.

In each patient anatomic regions from the renal cortex and the tumor area were demarcated
with InFS—Explorer® to observe corresponding features (see Fig 10) by a radiologist. The
separation of the features was quantified using the normalized distances between feature
cloud centers (diamonds in Fig. 10) in Table 2. The Euclidean norm of the center of renal
cortex feature cloud was used as the distance normalization factor.

In comparison to angiomyolipoma and clear cell RCC, the results showed a lesser degree of
lipid content difference between the renal cortex and tumor sites for oncocytoma,
chromophobe RCC and, papillary RCC as seen in Fig. 10.
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This analysis is in accordance with previous observations of marked differences in CSI
characteristics of angiomyolipomas and clear cell RCCs compared to other renal cortical
tumors. Furthermore, as previous studies were limited by visual analysis of tumor ROIs that
is subject to observer bias, this study underlines the potential advantages of analyzing and
depicting CSI data on MR-FS, which allows robust and quantitative analysis of renal
cortical tumors.

In conclusion, for this preliminary cohort of 5 patients, MR—FS analysis of renal cortical
tumors based on their CSI characteristics with marked separation of their feature vector
clouds shows potential for future differentiation of angiomyolipoma and clear cell RCC.

6 Conclusion and Future Directions

In this paper, a working prototype of InFS—Explorer® has been introduced as a computer
aided decision and exploration tool for interactive multi-modal imaging data analysis. InFS—
Explorer® is a transparent tool that allows direct examination of tissue properties
elucidated by multi-modal biomedical imaging.

The platform’s utility has been demonstrated in two institutions for two different purposes
with two different pathologies, prostate and renal cancer, showing promise. In both cases,
InFS—Explorer® analysis provided valuable biophysical information, which does not occur
with automated algorithms.

While the paper achieved the proof of concept from an engineering standpoint, findings on
PCa and renal cancer data are not mature enough to be clinically significant yet. Dedicated
studies including larger and possibly multi—institutional cohorts with more detailed ground
truth information, such as full mount histopathology, will be conducted in the future. For
PCa, these will provide a strong cross—validation and ensure the proposed biomarker’s
robustness.

Unlike modification requirements of specific automatic algorithms for new pathologies, e.g.,
redesign for PCa starting from breast, lung and colorectal cancer and, retinal imaging (see
the references in [40], [11]), InFS—Explorer® is readily compatible with distinct
circumstances. Accordingly, the platform will be tested in the future with other cancer types
in different organs, e.g., glioblastomas, as well as with neurological diseases and disorders,
such as multiple sclerosis.

In practice, computer aided systems are not meant to replace the physicians, but are merely
tools for assisting them, e.g., automatic algorithms aiming to improve observer performance
[38]. INFS—Explorer® is based on the presence of physicians in-the—loop, which already
occurs during algorithm development. In addition to potentially improving ground truth
determination, the platform’s manual evaluation capability becomes more relevant
especially for outlier cases or when automated algorithms are inconclusive. Similarly, when
evaluating complex pathologies like the PCa in this work, direct visual inspection of FS
alone proved to be insufficient. Mainly, because of the potential biomarker’s appearance at
varying locations and its diverse shapes (see Figs. 7 and 8) manual investigations were
necessary for locating malignant ROISs.
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More generally, extraction of relevant information from standard imaging data leads to
potential improvements in the accuracy of clinical decisions with potential reduction in
health care costs while providing optimal individualized care. For example, accurately
locating aggressive tumor burden with InFS—Explorer®, could improve the accuracy of
biopsies and radiation therapy guidance while decreasing the time needed for interpretation.
Accordingly, in scenarios where rapid decisions are needed, such as image guided robotic
interventions, incorporation of InNFS—Explorer® within the interventional device’s command
and control platform [56] might be advantageous.

Moreover, during surveillance, observing the changes in the MR-FS in a single instance can
be more time efficient than evaluating a large number of images longitudinally. Rather than
attempting to reach a consensus about the malignant loci at multiple images, which is
potentially more susceptible to variability, identification with a single agreement on the FS
region boundary (see, Fig. 11) may reduce inter— and intra—observer variability. The
significance of this increases when faced with tumor heterogeneity, which is recognized
histologically but not yet fully appreciated in biomedical images. Consequently, future plans
include testing this variability reduction hypothesis with dedicated multi-reader studies.

Finally, the prototype platform introduced herein operates on 2 —dimensional FSs, where
easily selecting ROIs is possible. Combining additional modalities would definitely be more
beneficial for enlarging the multi-modal information pool. However, increasing the FS
dimensions beyond 3 creates perception limitations for manually demarcating hyper—
volumes of interest. Developing new visualization methods and/or dimension reduction
techniques will be necessary for the future achievement of this goal.
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Figure 1.
The construction of a 2-dimensional feature space defined by the ADC map and the scaled

T2W intensities from a 62 year old patient with PCa. All of the feature vectors originating
from the whole gland are visualized as a scatter plot. A 2 dimensional histogram of the
feature vectors, on the right, is overlaid on the scatter of points to color code the number of
pixels indicated by the bar on the right. The light blue color towards the bulge indicates a
relatively large volume associated with bulge features.
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Figure 2.
Practical use of the commutative diagram ((1)) as the working principle of InFS—Explorer®.

A suspicious anatomic location, e.g., a lesion observed on a single slice, presents a set of
features (upward arrow). In turn, these features are shared by multiple anatomic locations
(downward arrows), demonstrating the disease burden based on the FS location.
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Figure 3.
The InFS-Explorer® GUI workspace for a 62 year old patient with PCa. On both MR—FS

(top left) and anatomic images (right), ROIs are drawn interactively showing associated
pixels and feature points respectively. Initially, by demarcating the features of the red ROI
on Slice 13, the anatomic burden is visualized in red in the anatomic volume. The features of
the smaller adjacent green ROI on Slice 14 were covered when the purple ROl was placed
on the larger lesion. In turn, when brown and cyan FS ROIs were drawn respectively around
the purple and green feature points, PCa’s heterogeneous appearance can be visualized on
the anatomical images as well as on the 3 D representation of the gland (bottom, left).
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InFS—Explorer Flow Chart
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The flow chart describing the operation of INFS—Explorer®. The study preparation steps,
where data location and subroutine selections are provided as forms and check boxes, are on
the left-hand side. Upon completion, InFS—Explorer® loads and processes the data to
present the GUI of Fig. 3. Subsequently, FS analysis is conducted using the steps on the

right—hand side.
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Figure 5.
Distribution of the cohort based on patient smallest (blue) and largest (red) Gleason Scores.

One (4+5) patient had a (4+4) core as the smallest score.
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Figure 6.
When the FS ROI is demarcated with the red polygon in MR-FS (81 year old patient outside

the cohort described in the text) following the steps in Fig. 4, it highlights multiple pixels
suspicious for cancer, demonstrating the one—to—many nature of the correspondence
between the FS and the pixels. The correspondence’s confinement to solely suspicious
pixels seen on the images and in the whole gland of the 3 D reconstruction from MRI slices
demonstrates the potential aggressiveness biomarker value of the FS region.
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Figure 7.
Tumor burden on a 68 year old patient captured with the demarcation of the bulge in the

MR-FS. Prior to the observation of MR images, the large burden can be inferred from the
color overlay, which can be also visualized in the 3 D virtual gland. Biopsy (white arrow in
MRI) reported a score of (4+4), qualifying the case as aggressive.
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Figure 8.
Aggressive case of a 68 yrs. old patient’s positive biopsy loci indicated with white arrows.

The inter— and intra—tumor heterogeneity is visualized when biopsy regions are selected
with InFS—Explorer®. Whereas right seminal vesicles’ (SV) (4+5) tumor features (cyan) are
distributed towards the tip of the FS bulge, (4+5) right mid—base peripheral zone region
(brown) clustered towards the center of the FS and the central gland (4+4) component
(white) is dispersed between the cyan and brown features. The dark blue features from (4+4)
left SV loci are placed away from the tip of the FS bulge, intermingled with the other feature
points. Inclusion (not shown) of the non—convex FS ROI’s north—west corner implicated a
benign region on Slice 17 (green arrow).
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Figure 9.
Individual or combination range thresholding shown as yellow and green boxes cannot

capture the non—convex malignant region thereby resulting in many false negative feature
points (see also [49]).
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Figure 10.
Feature vectors based on CSI characteristics defined by ROI analysis of the anatomical

images in five different types of renal cortical tumors. FS neighborhoods of tumor (green)
and normal renal cortex (orange) are very similar for oncocytoma (A), papillary RCC (C),
and chromophobe RCC (E), whereas FS neighborhoods of tumor (green) and normal renal
cortex (orange) are markedly separated in angiomyolipoma (B) and clear cell RCC (D) due
to their unique CSI characteristics.
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Figure 11.
Potentially, by deciding on a single malignant ROI within the FS on the right, rather than

regions in multiple images on the left, observer variability might be reduced.
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The Performance of the Binary Classification Test of Aggressiveness on the Cohort

True Positive

False Positive

Positive Predictive

13

1

0.929

False Negative

True Negative

Negative Predictive

2 28 0.933
Sensitivity Specificity
0.867 0.965
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Table 2

Feature Cloud Center Separation for Renal Cancer Types

Oncocytoma

Angiom.

Papillary

Clear Cell

Chromo.

0.11638

0.41386

0.21533

0.30957

0.08362
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