


 
 

ABSTRACT 

Predicting Tissue Characteristics in Brain Tumors Using  

Radiological-Pathological Correlations 

by 

Jonathan Sunwei Lin 

This thesis describes the development of prediction techniques for tissue 

characteristics in brain tumors, using both imaging and tissue information.  

Magnetic resonance imaging (MRI) serves as an aid in the clinical management of 

brain tumors, both as a tool for tumor characterization and monitoring, as well as 

guidance for biopsy sampling. However, conventional MRI is non-specific about 

underlying tumor biology, meaning it provides limited insight into the problem of intra-

tumor heterogeneity. The development of prediction techniques for spatially-varying 

tissue characteristics in brain tumors could therefore provide valuable, additional 

information that would assist with tumor analysis. This work describes how such 

techniques were built using three key steps: data collection and curation, model 

construction, and model testing. 

Data collection involved patient screening and recruitment for an institutional 

review board (IRB)-approved, Health Insurance Portability and Accountability Act 

(HIPAA)-compliant clinical trial protocol. Thirty-one (31) treatment-naïve, adult glioma 

patients were imaged using an extensive set of MR imaging techniques, based on which 

multiple biopsy targets were specified. Biopsy tissue from these target sites was sampled 

under stereotactic guidance during craniotomy procedures, then stained and analyzed for 



 
 

World Health Organization (WHO) grade, a cell proliferation marker (Ki67), a 

vascularity marker (ERG), and cellular density (CD). Images were normalized using 

biological reference regions, registered to the patient’s T2 volume, then sampled at the 

relevant biopsy sites by propagating a spherical volume of interest (VOI) through the 

images.  

Model construction involved using both linear/logistic regression and random 

forest (RFT) machine learning techniques to relate 25 imaging parameters to 4 tissue 

parameters (tumor presence/absence, Ki67, ERG, and CD). The Wilcoxon Rank Sum 

Test, univariate regression tests, and principal components analysis were used to develop 

imaging-based inputs to the regression and RFT techniques for this modeling.  

Model testing was performed differently for categorical versus quantitative tissue 

characteristics. For tumor status, testing was performed using both cross-validation 

analysis (80% training, 20% testing over ten iterations) and out-of-sample testing (60% 

training, 40% testing over a single iteration). For quantitative variables (Ki67, ERG, and 

CD), testing was performed using both in-sample (100% training, 100% testing) and out-

of-sample testing (60% training, 40% testing). 
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Chapter 1 

Introduction 

1.1. Objective and Specific Aims 

The objective of this research is to predict tissue parameters (tumor status, cell 

proliferation, vascularity, and cell density) in brain tumors using information from MR 

images. The specific aims are as follows: 

Specific Aim 1:  Collect and curate imaging data from recruited patients, 

preparing it for analysis. 

Specific Aim 2:  Determine the best model(s) and input(s) for relating 

imaging to tissue data. 

Specific Aim 3:  Construct and validate the predictive models for each 

tissue characteristic. 
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1.2. Overview 

This dissertation is organized as follows: 

Chapter 1 provides background on limitations of conventional MRI, and also 

describes advanced MR imaging techniques, including DCE, DSC, DWI, and DTI.  

Chapter 2 describes data curation, including the generation of quantitative maps 

from DCE, DSC, DWI, and DTI images, the normalization of anatomic images using 

biological landmarks, and the specification and propagation of VOIs through multiple 

image volumes. 

Chapter 3 describes registration experiments that used manually-specified 

landmarks to verify the accuracy of the open-source registration algorithm used for this 

project. Landmarks in 20 patients were specified to calculate the accuracy of both this 

algorithm and a commercial vendor’s registration solution, with results between the two 

being comparable. Material from this chapter will later be submitted for publication. 

Chapter 4 describes the model construction process, in which imaging 

parameters undergo analyses to determine suitable combinations of inputs for the 

linear/logistic regression and random forest (RFT) models, as aimed towards tumor 

presence, Ki67, ERG, and CD. It then describes the model validation process using cross-

validation, in-sample testing, and out-of-sample testing. Material from this chapter will 

later be submitted for publication 

Chapter 5 summarizes the findings of the previous chapters, and makes 

conclusions based on the work presented in this thesis.  
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1.3. Background 

1.3.1. Limitations of Magnetic Resonance Imaging (MRI) in Oncology 

Image-guided stereotactic biopsies are a safe1, effective2, 3, reliable4, and  precise5 

method of targeting locations for tissue sampling in intracranial lesions. Such procedures 

are commonly performed on tumors located in areas where resection is difficult, as well 

as tumors whose histopathological assessment could influence their clinical 

management2. The limited nature of stereotactic sampling, however, combined with the 

common fact of tumor heterogeneity, means that such procedures are prone to sampling 

error, and can misdiagnose a tumor in one-third to one-half of cases6.  

Conventional image guidance for stereotactic biopsy consists of MRI with lesion 

enhancement using a gadolinium contrast agent. The enhancing edge of the lesion on T1-

weighted MR images is often selected as the target, while non-enhancing tumors often 

have their target edge defined on T2-weighted images by a darker signal region 

surrounded by bright edema. Tumor edges determined by conventional MR imaging are 

unreliable, however, with one study demonstrating tumor presence beyond radiological 

boundaries in all cases of GBMs, one-third of anaplastic astrocytomas, and one-sixth of 

well-differentiated astrocytomas7, and another study demonstrating the presence of tumor 

cells greater than 1 cm outside the tumor border as defined on T2-FLAIR imaging8. 

1.3.2. Advanced MRI Techniques 

Advanced MRI techniques, such as dynamic contrast-enhanced (DCE) imaging, 

dynamic susceptibility contrast (DSC) imaging, diffusion-weighted imaging (DWI), and 
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diffusion tensor imaging (DTI), can better characterize the biology and spatial 

heterogeneity inside a tumor. They therefore provide an advantage over conventional 

MRI when discerning the optimal area for tissue sampling, due to their ability to describe 

tumor physiology.  

1.3.2.1. Dynamic Contrast-Enhanced (DCE) MRI 

DCE uses rapidly acquired 𝑇1-weighted images to help characterize the 

pharmacokinetics of a contrast agent (CA) leaking into the extravascular space of a 

tissue. Such information allows the extraction of physiologically relevant parameters that 

describe the tissue’s blood vessel flow/permeability, as well as fractional volumes for the 

extravascular extracellular space (EES, or interstitial space) and the vascular plasma 

space9–14 (Figure 1). The CA is often a gadolinium chelate such as gadolinium 

diethylenetriaminepentaacetic acid (also called Gadopentetate dimeglumine, or Gd-

DTPA), whose unpaired electrons interact with neighboring water protons to shorten their  

𝑇1 values and thereby increase the MR signal intensity on 𝑇1-weighted images.  This 

signal enhancing effect follows the paramagnetic CA as it leaks into the tissue space, 

producing a signal time course for each voxel affected that depends on the physiological 

characteristics of the vessels located there. By acquiring 1) 𝑇1-weighted images during 

injection, and 2) the arterial input function (AIF) that describes the injection, it is possible 

to analyze the signal intensity time course for each voxel using a mathematical model that 

yields the parameters mentioned above15.  
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Figure 1: Concept diagram for DCE parameters. 

The passage of a paramagnetic CA bolus will create transient disturbances in 𝑅1 

values that can be described by the equation 

𝑅1 = 𝑟 × [𝐶𝐴] + 𝑅10 

Equation 1: Relationship of 𝑅1 to contrast agent concentration. 

where 𝑅10 =  1/𝑇10 is the tissue’s baseline relaxivity, and 𝑟 is the relaxivity of the 

contrast agent, which depends on field strength, type of material, and the nature of the 

tissue16. This equation allows CA concentration to be calculated from ∆𝑅1, which is 

related to changes in signal intensity.  

Obtaining the AIF is an important part of quantitative DCE analysis, as this 

information is used to fit parameters to the pharmacokinetic model. While a gold standard 

AIF can be obtained by taking actual blood samples during CA injection10, 17, image-

based methods of determining AIF are more feasible, and can compare favorably with 

such a gold standard17. Such image-derived AIFs depend on the signal time curve inside a 

significant collection of blood (e.g., middle cerebral artery, carotid arteries, sagittal 

sinus16, left ventricle15), and involve converting this information into CA concentration.  

The extended Tofts pharmacokinetic model describes CA exchanges between 

blood vessels and surrounding tissue: 
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𝐶𝑡(𝑡) =  𝐾𝑡𝑟𝑎𝑛𝑠 ∫𝐶𝑝(𝑢)

𝑡

0

𝑒−𝑘𝑒𝑝(𝑡−𝑢)𝑑𝑢 + 𝑣𝑝𝐶𝑝(𝑡) 

Equation 2: Extended Tofts Pharmacokinetic Model equation. 

where 𝐶𝑡(𝑡) is the tissue CA concentration, 𝐶𝑝(𝑡) is the plasma CA concentration 

(𝐶𝑝(𝑡) = (1 − 𝐻𝑐𝑡)𝐶𝑏(𝑡), where 𝐶𝑏(𝑡) is whole blood CA concentration), 𝐾𝑡𝑟𝑎𝑛𝑠 is the 

volume transfer constant, and 𝑘𝑒𝑝 is the backflux rate constant. 𝐾𝑡𝑟𝑎𝑛𝑠 is a rate constant 

that describes CA flow from the plasma to the EES, while 𝑘𝑒𝑝 describes flow in the 

opposite direction from the EES (also called the tissue space) to the plasma (also called 

the blood/plasma space or vascular space). It should be noted that 𝑘𝑒𝑝 =
𝐾𝑡𝑟𝑎𝑛𝑠

𝑣𝑒
, where  𝑣𝑒 

is the ratio of EES volume per unit of tissue volume12. The above equation also assumes 

homogenous CA concentrations due to instantaneous mixing in both the vascular and 

tissue compartments15. Also note the vascular space fraction 𝑣𝑝, making the equation 

applicable for tissues in which blood vessels constitute a non-negligible fraction of total 

volume (i.e., tumors)18, 19. Data from DCE scans is fitted in a nonlinear least-squares 

manner to the above equation, producing values for 𝐾𝑡𝑟𝑎𝑛𝑠, 𝑘𝑒𝑝, 𝑣𝑒, and 𝑣𝑝
15.  

1.3.2.2. Dynamic Susceptibility Contrast (DSC) MRI 

DSC uses rapidly acquired serial images (≤1.5 s/image20)of a paramagnetic 

contrast agent passing through a tissue, in order to characterize perfusion of that tissue. 

As this agent travels through a tissue’s vascular bed, it increases the magnetic 

susceptibility within those vessels, causing local magnetic field changes that affect 

protons in neighboring tissue water. These local magnetic field changes differ in strength 
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depending on their distance from the vessel, meaning the affected protons rotate (or 

precess) at different frequencies as a result. These small differences in precession rate 

contribute to a net dephasing effect that reduces MR signal intensity as seen on 𝑇2- and 

𝑇2
∗-weighted imaging sequences21. In essence, the presence of the paramagnetic CA, 

which is often Gd-DTPA, creates a temporary but static distribution of magnetic field 

disruptions in surrounding tissue that shortens 𝑇2 and 𝑇2
∗ relaxation times22, and the 

magnitude of such shortening depends on CA concentration, field strength, pulse 

sequence timing, and vessel geometry20, 23. As the CA travels through the vessel, it carries 

with it these field disruptions caused by the vessel-tissue susceptibility gradient, as well 

as the accompanying mesoscopic signal reduction effect20. 

By imaging the CA traversing the tissue of interest, it is possible to trace signal 

intensity changes for each voxel before, during, and after the presence of the CA. This 

signal intensity time course is then converted into changes in transverse relaxation rate, a 

value proportional to changes in CA concentration20, 24. This CA concentration time 

course can then be fitted to a pharmacokinetic model (Figure 2) that extracts 

physiological parameters including blood volume (BV), blood flow (BF), and mean 

transit time (MTT)25–27. Blood volume fraction can be defined as 

𝐵𝑉 =
𝑘𝐻

𝜌
∙
∫ 𝐶𝑇(𝑡)𝑑𝑡

∞

0

∫ 𝐶𝐴(𝑡)𝑑𝑡
∞

0

 

Equation 3: Blood volume equation for DSC imaging. 

where 𝜌 is tissue density (1.04 g/mL in brain), 𝑘𝐻 is a hematocrit scaling factor 

accounting for large and small vessels (𝑘𝐻 =
1−𝐻𝐿𝑎𝑟𝑔𝑒𝑉

1−𝐻𝑆𝑚𝑎𝑙𝑙𝑉
 where 𝐻𝐿𝑎𝑟𝑔𝑒𝑉 = 0.45 and 
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𝐻𝑆𝑚𝑎𝑙𝑙𝑉 = 0.25), 𝐶𝐴(𝑡) is the arterial input function, and 𝐶𝑇(𝑡) is the contrast agent 

concentration for the entire tissue, which can be described by 

𝐶𝑇(𝑡) =
𝜌

𝑘𝐻
∙ 𝐵𝐹 ∙ ∫𝐶𝐴(𝜏)𝑅(𝑡 − 𝜏)𝑑𝜏

𝑡

0

 

Equation 4: DSC modeling equation. 

where  𝑅(𝑡) is a residue function describing the fraction of total indicator still left in the 

system. To solve for blood flow 𝐵𝐹 in Equation 4, the experimental data 𝐶𝑇(𝑡) and the 

arterial input function 𝐶𝐴(𝑡) must be fit to the flow residue function 𝐵𝐹 ∙ 𝑅(𝑡) using 

deconvolution techniques. Among several deconvolution methods28, the singular value 

decomposition (SVD) technique25, 29, is especially useful, as it has proven to be the most 

robust at SNR values commonly seen in clinic with echo planar imaging scans30.  

 

Figure 2: Concept diagram for DSC parameters. 

A key relationship between DSC parameters is the central volume theorem: 

𝑀𝑇𝑇 =
𝑟𝐵𝑉

𝑟𝐵𝐹
 

Equation 5: Central Volume Theorem equation. 

where 𝑟𝐵𝑉 is the relative blood volume of the system, and 𝑟𝐵𝐹 is the relative blood flow 

through the system. Because all CA concentrations must be scaled using a susceptibility 

calibration factor whose value is unknown, DSC parameters such as blood flow BF and 

blood volume BV are expressed as relative, rather than absolute, values20. 
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A notable fact about DSC is the size-dependent sensitivity of gradient echo (GE) 

and spin echo (SE) pulse sequences31–33. As proven in simulation31, 32 and experiment34, 

SE sequences are sensitive to the microvasculature, while GE sequences are sensitive to 

both the micro- and macrovasculature. This phenomenon occurs because different-sized 

vessels cause differently-spaced magnetic field perturbations when a paramagnetic CA 

bolus passes through them, and as a consequence the different timings of the GE and SE 

pulse sequences differ in their ability to detect the resulting transverse relaxation 

shortening effects. The SE sequence experiences maximal sensitivity for vessels with 

radius ~5 μm, which is when it detects the greatest ∆𝑅2 (where 𝑅2 = 1/𝑇2  is the 

transverse relaxation rate). The GE sequence experiences increasing sensitivity up till 

vessels with radius ~20 μm, then plateaus and stays at that sensitivity, meaning it detects 

roughly the same magnitude ∆𝑅2
∗ (where 𝑅2

∗ = 1/𝑇2
∗) for all vessels with larger radii20. In 

one application of this data, the ∆𝑅2/∆𝑅2
∗ ratio has been used to determine mean vessel 

size for a tissue35. 

1.3.2.3. Diffusion-Weighted Imaging (DWI) and Diffusion Tensor Imaging (DTI) 

DWI36–39 detects the thermally-driven, random Brownian motion of water 

molecules40 inside a tissue, using a metric called the apparent diffusion coefficient 

(ADC), which describes water molecule dispersal per unit time in units of 𝑚𝑚2/𝑠. The 

ADC is therefore an indirect measure of the internal microstructures inside a tissue, since 

the mobility of water is affected by such barriers36. 

When individual spins diffuse from one location to another and change their 

magnetic moments, the bulk signal 𝑆, which is the sum of signals from all magnetic spins 
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inside the sample, is changed by a small amount. Multiple spins acting in this manner 

create a net signal attenuation that is described by the equation36: 

𝑆(𝑇𝐸)

𝑆0
= e−𝑏𝐴𝐷𝐶 

Equation 6: Signal attenuation due to apparent diffusion coefficient (ADC). 

where 𝑆(𝑇𝐸) is the signal at echo time 𝑇𝐸, 𝑆0 is the initial signal, 𝐴𝐷𝐶 is the apparent 

diffusion coefficient, and 𝑏 = 𝛾2𝛿2𝐺2 (∆ −
𝛿

3
) is the diffusion sensitivity of the pulsed 

gradients, where G is gradient amplitude, 𝛿 is gradient duration, γ is the gyromagnetic 

ratio for water (42.58 MHz/T), and ∆ is the time between the two gradients (Figure 3). 

Note that higher b-values mean greater signal attenuation for the same amount of 

diffusion36. 
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Figure 3: Simplified diagram of pulsed gradient spin echo experiment adapted from Arlinghaus and 

Yankeelov36. A 90° radiofrequency (RF) pulse is applied, followed by a pulsed gradient in the direction of 

diffusion, a 180° RF pulse, then another pulsed gradient of equal magnitude and duration. G is gradient 

amplitude, 𝜹 is gradient duration, and ∆ is the time between the two gradients.  

 
Figure 4: Concept diagram for the apparent diffusion coefficient (ADC). 

 

Solving for the diffusion coefficient 𝐴𝐷𝐶 (Figure 4) is possible by obtaining at 

least two diffusion-weighted images and using the equation 

𝐴𝐷𝐶 =
ln

𝑆1

𝑆2

𝑏2 − 𝑏1
 

Equation 7: Apparent Diffusion Coefficient equation. 

where 𝑆1 and 𝑆2 are the signals acquired with the 𝑏 values 𝑏1 and 𝑏2, respectively41. The 

exponential apparent diffusion coefficient (eADC) is the rate of signal decay for the 

ADC, and is obtained by dividing a diffusion-weighted image by the  𝑏 = 0 𝑠/

𝑚𝑚2 image42, 43 (Figure 5). Obtaining multiple 𝑏 values whenever possible is 

advantageous, as it helps minimize noise and improves measurement precision for these 
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calculations. Perfusion affects the choice of optimum 𝑏 values for ADC calculations, with 

greater capillary flow leading to greater signal attenuation, and a lower 𝑏 value (𝑏1) must 

therefore be chosen appropriately so the effect of such flow on ADC can be measured36. 

Note that when 𝑏 values get too high (e.g., ≥ 3000 𝑠/𝑚𝑚2), the attenuated signal has a 

magnitude comparable to that of the noise floor, resulting in lower SNR44.  

 
Figure 5: Calculation of the exponential apparent diffusion coefficient (eADC) map. 

DTI uses diffusion information to construct images reflecting highly directional 

(anisotropic) water movement. Tissues with high organization, including white matter 

fiber tracts or parallel muscle fibers, can be imaged using DTI to detect the effects of 

tumor invasion on their structural integrity. The diffusion tensor is calculated using 

information from at least six diffusion gradients applied in non-collinear directions. The 

resulting signal attenuation can be expressed mathematically:  

𝑆(𝑇𝐸)

𝑆0
= exp(− ∑ ∑ 𝑏𝑖𝑗𝐴𝐷𝐶𝑖𝑗

𝑗=𝑥,𝑦,𝑧𝑖=𝑥,𝑦,𝑧

) 

Equation 8: Signal Attenuation using Diffusion Tensor Imaging. 

where 𝑏𝑖𝑗 and 𝐴𝐷𝐶𝑖𝑗 are the ijth elements of their respective tensor matrices b and ADC. 

This tensor matrix b is used to solve for elements of tensor matrix ADC, which 

represents a single ADC value as measured in multiple directions: 
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𝑨𝑫𝑪 = [

𝐴𝐷𝐶𝑥𝑥 𝐴𝐷𝐶𝑥𝑦 𝐴𝐷𝐶𝑥𝑧

𝐴𝐷𝐶𝑦𝑥 𝐴𝐷𝐶𝑦𝑦 𝐴𝐷𝐶𝑦𝑧

𝐴𝐷𝐶𝑧𝑥 𝐷𝐴𝐷𝐶𝑧𝑦 𝐴𝐷𝐶𝑧𝑧

] 

Equation 9: Apparent Diffusion Coefficient matrix. 

where each 𝐴𝐷𝐶𝑖𝑗 element represents the diffusion coefficient along the combination of 

directions in its subscript36. Obtaining useful metrics from ADC involves the equation 

𝑨𝑫𝑪 ∗ 𝑬 = 𝑬𝜦, where 𝑬 = (𝑒1⃑⃑  ⃑ | 𝑒2⃑⃑  ⃑ | 𝑒3⃑⃑  ⃑) is a matrix of eigenvectors, and 

𝜦 = [

𝜆1 0 0
0 𝜆2 0
0 0 𝜆3

] 

Equation 10: Eigenvalue matrix. 

is a diagonal matrix of eigenvalues. The eigenvectors express the principal axes for a 

local coordinate system for diffusional motion, while the eigenvalues express the 

magnitude of diffusion along those principal axes. The eigenvector with the largest 

eigenvalue is the direction with the greatest diffusion, effectively expressing the main 

orientation of whatever structure is being imaged45. Eigenvalues can also be used to 

derive fractional anisotropy (FA)36: 

𝐹𝐴 = √
3

2

√(𝜆1 − �̅�)
2
+ (𝜆2 − �̅�)

2
+ (𝜆3 − 𝜆 ̅)

2
  

√𝜆1
2 + 𝜆2

2  + 𝜆3
2  

 

Equation 11: Fractional Anisotropy calculation. 

 

FA indicates the degree of directionality for diffusion inside a sample (Figure 6), 

meaning 𝐹𝐴 = 0 for isotropic diffusion not particularly oriented in any one direction, and 

𝐹𝐴 = 1 for anisotropic diffusion that occurs along a single axis46. Invasion or damage to 

a highly organized structure would therefore lower its FA. Note that at least 20 unique, 

evenly-spaced diffusion-encoding orientations are required for an accurate FA estimate47. 



 14 
 

 
Figure 6: Concept diagram for fractional anisotropy (FA). 

 

1.3.3. Prior Work 

It has been recommended that radiological-pathological analyses should address 

imaging and tissue heterogeneity using physiologic MRI and spatially-localized tissue 

samples48. Such work has already begun through studies that have sought to correlate one 

or more physiologic MR techniques with biopsy samples from gliomas. Barajas, et al. 

prospectively used DSC, diffusion weighted imaging (DWI), MRS, and anatomic 

imaging to guide stereotactic sampling of tissue from treatment-naive glioblastomas 

(GBMs), with DSC parameters correlating with proliferation, necrosis, and vascularity in 

contrast-enhancing regions, and DWI parameters correlating with tumor presence in non-

enhancing regions49. Essock-Burns, et al. then used data from this same study to 

demonstrate a correlation between vascularity and DSC metrics that were processed 

using non-linear, non-parametric methods50. Another study by Barajas, et al demonstrated 

that histopathologic features of aggressiveness had a positive correlation with relative 

cerebral blood volume (rCBV) and a negative correlation with the apparent diffusion 

coefficient (ADC)51. In a study using track density imaging (TDI), Barajas, et al., 

demonstrated significant correlations between relative TDI values and hypoxia, 
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architectural disruption, and proliferation52. Additional research into genomics by 

Barajas, et al yielded a significant correlation between DSC metrics and VEGF-A 

expression53.  

Durst, et al. used values derived from DTI and perfusion imaging, as distilled by 

principal components analysis and univariate regression testing, to predict nuclear density 

and therefore glioma infiltration, with biopsies providing the underlying data set upon 

which these predictions were made54. Price, et al. attempted to delineate tumor margins 

using biopsies from a single tract into both tumor and normal brain, demonstrating that 

DTI could discern the boundaries better than conventional MRI, as well as differentiate 

gross from infiltrating tumor55. Hu, et al., used contrast MRI, DSC, and DTI, as well as 

image-derived texture features, to predict tumor burden using machine learning 

techniques56. Sadeghi, et al. demonstrated that rCBV correlated with vascularity and cell 

density, while ADC correlated inversely with vascularity. Curiously, they found no 

relationship found between ADC and cell density57. Interestingly, in another study by 

Price, et al., within high-grade gliomas, rCBV was found to correlate with proliferation 

but not cellular density58. Jensen, et al. sampled 4 regions inside multiple tumors, and 

demonstrated that DCE parameters correlated with proliferation and hypoxia59. Gempt, et 

al found that MRS metrics correlated with cell density and proliferation, but only in sites 

that had been targeted using both MRI and 18F-fluoro-ethyl-tyrosine positron emission 

tomography (18F-FET PET)60. Lopez, et al. discovered significant relationships 

between18F-FET PET uptake rates and cell density, proliferation, GFAP, and Olig-2, 

claiming that such findings made 18F-FET a useful targeting tool61. Cordova, et al used 

spectroscopic MRI (sMRI) to help select biopsy locations, with the resulting tissue 
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samples demonstrating a correlation between sMRI and cell density, and also proving the 

presence of tumor beyond radiological borders using conventional MRI62. 
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Chapter 2 

Data Curation 

2.1. Abstract 

Preparation of imaging data for analysis involved multiple elements, including the 

generation of quantitative maps from DCE, DSC, DWI, and DTI images, the 

normalization of anatomic images using biological landmarks, and the specification and 

propagation of spherical volumes of interest (VOIs) through multiple image volumes.  

2.2. Introduction 

The data curation or image processing step of this project comes after patient 

recruitment and patient imaging, but before the patient goes to surgery (Figure 7). 

Processing of advanced MR imaging data, including permeability (DCE), perfusion 

(DSC), and diffusion (DWI, DTI) data, is necessary to generate quantitative parameter 

maps that describe physiological characteristics. Only after these maps are created can 
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they be registered or spatially transformed to match the position, orientation, and 

resolution of whatever image volume serves as the reference volume. After both these 

processing and registration steps, a VOI can be propagated through all the images and 

maps, collecting pixel values from the biopsy locations that were previously recorded 

during the surgery.  

 
Figure 7: Timeline of activities for clinical trial. 

2.3. Methods 

2.3.1. Advanced MR Image Processing 

2.3.1.1. Dynamic Contrast-Enhanced (DCE) Image Processing 

For DCE image processing, images were imported into Nordic Image Control and 

Evaluation (NordicICE) (v.2.3.14, Nordic Neuro Lab, Bergen, Norway), an FDA-

approved software package for permeability and perfusion image analysis. Once 

imported, images were accessed using its DICOM server functionality, which could load 

the 4D image series of DCE images into the main program window. The DCE module 

was then opened.  
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Signal intensity conversion was selected to be “1/T1 to SPGR,” so that the 

program would convert signal intensity changes into 1/T1 (or R1) changes using the 

spoiled gradient recalled acquisition equation:  

𝑆 = So

[sin α (1 − e
−
TR
T1)] e

−
TE
T2

∗

(1 − e
−
TR
T1  cos 𝛼)

 

Equation 12: Spoiled gradient recalled signal equation. 

where So is baseline signal intensity as determined by scanner gain and proton density, 

T1 is longitudinal spin-lattice relaxation time, T2* is transverse apparent spin-spin 

relaxation time,  TR is repetition time, TE is echo time, and 𝛼 is the flip angle15. Note that 

NordicICE assumes that TE<<T2* when converting signal intensity changes into R1 

changes. These R1 changes are then converted into changes in gadolinium concentration 

using Equation 1. The “temporal resolution” field was set to the value found in the 

“TriggerTime” entry in the DICOM header (DICOM field 0018, 1060) for the 2nd DCE 

acquisition timepoint. In order to avoid excluding any areas of brain from analysis, noise 

thresholding was completely turned off. Motion correction, spatial smoothing, and 

temporal smoothing were also not applied.  

Vascular deconvolution was enabled and set to automatic detection of 5 pixels for 

the AIF. The T1 value was set to 1600 ms. The AIF search region was usually specified 

around the middle cerebral artery (MCA), ipsilateral to the tumor. Pixels that were bright 

on pre-contrast DCE images, such as those in the bottom slice of the head volume, were 

avoided because of inflow effects. The AIF curves chosen by the algorithm63 were 

inspected to ensure that their peak values were both at least five times the peak values of 
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the image mean curve, and also within the range ∆R1 = 20-40. If an AIF was satisfactory, 

its values were saved in a text file and its pixel locations were saved in an image. After 

setting the T1 value to 1200 ms, the recently-saved AIF file was loaded, so that 

processing could occur using blood at T1 = 1600 ms and brain at T1 = 1200 ms. 

Hematocrit correction factor was set to 0.45, and the option was selected to automatically 

detect the AIF-tissue delay. 

The pre-bolus range was adjusted to begin at the 1st or 2nd timepoint and end 5-10 

seconds before bolus arrival. The wash-in range was adjusted to correspond with the 

upslope of the signal peak. All parameter maps from the extended Tofts pharmacokinetic 

model12, 64, 65 were selected (𝐾𝑡𝑟𝑎𝑛𝑠, 𝑘𝑒𝑝, 𝑣𝑝, 𝑣𝑒) so that they would be generated based on 

a deconvolution technique66. Additional parameters also generated by NordicICE 

software (Figure 8, wash-in, wash-out, time-to-peak [TTP], area under the curve [AUC], 

and peak enhancement) were also selected. These parameters are based on the time-signal 

DCE curve for each voxel.  

 

Figure 8: Additional DCE parameters generated by NordicICE software. 
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2.3.1.2. Dynamic Susceptibility Contrast (DSC) Image Processing 

For DSC image processing, images were again imported into NordicICE, then 

loaded in the main window using the program’s DICOM server functionality. The 

perfusion analysis module was then opened.  

Signal intensity conversion was selected to be “SI to delR2”, meaning signal 

intensities would be converted into 1/T2 values, then gadolinium concentrations. 

Temporal resolution and TE were set to 1.5 seconds and 25 ms, respectively. Noise 

thresholding, spatial smoothing, temporal smoothing, and motion correction were not 

applied.  

Vascular deconvolution was enabled and set to automatic detection of 5 pixels as 

the AIF63. The search region was usually placed around the MCA, ipsilateral to the 

tumor. In cases where repeated attempts to find a suitable AIF in that location were 

unsuccessful, the contralateral MCA and occasionally the ACA were also used. Pixels 

were usually selected to be in an area of susceptibility near but not inside the vessel67, so 

as to avoid flow effects.  

The pre-bolus range was adjusted to start after the rise to steady-state for the 

image mean signal, and end after at least 5 timepoints afterwards. No gamma-variate 

function fitting was applied, meaning the raw signal values were used in the calculations. 

The singular value decomposition (SVD) method was used to solve for the quantitative 

parameters25, 29, with the regularization method chosen as truncated with a fixed threshold 

of 0.2, the default value. This regularization threshold is used to decide what SVD 
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components constitute noise, and should therefore be eliminated before generating 

parameter estimations.  

Leakage correction was applied when calculating quantitative maps to avoid 

under-estimations of rBV, but a non-corrected version of the rBV map was also 

generated. Such leakage analysis also generated a leakage parameter, K2, that describes 

contrast agent movement from the vessel to the tissue space68.  Detection of both positive 

and negative leakage values was enabled, with a K2 cutoff of 0.010. The default settings 

for ray dynamic curve analysis (“rMTT from AUC/height”) and AIF deconvolution 

analysis (“rBV from normalized AUC”) were chosen. The option to “Exclude non-brain 

tissue from brain reference mask” was de-selected, due to 3rd-party concerns that it could 

affect the resulting maps. The output scaling factor was 0.5. All output maps (leakage 

corrected rBV, non-leakage-corrected rBV, rBF, MTT, Delay, K2 or leakage) were 

selected. 

2.3.1.3. Diffusion Weighted Imaging (DWI) and Diffusion Tensor Imaging (DTI) 

Processing 

DWI and DTI images were processed using the General Electric (GE) Advantage 

Workstation (v.4.5, GE Healthcare, Waukesha, WI). Images were transferred from the 

picture archiving and communication system (PACS) for clinical images to the GE AW, 

then opened using GE’s Functool program.  

Four volumes of diffusion weighted images were acquired using 4 different b-

values (0, 150, 1000, 2000 𝑠/𝑚𝑚2), and all 4 volumes were used to calculate the ADC 

maps at each slice, voxel-by-voxel, based on equation 1.741. Exponential ADC maps were 
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also calculated42, 43. The noise threshold was turned off to include all head voxels in the 

analysis. The resulting maps were saved as processed images on the local GE AW 

machine, then transferred to another workstation.  

For DTI images, distortion correction was applied to fix geometric artifacts 

resulting from the acquisition. Noise thresholding was again turned off to include the 

entire head when performing calculations. The Average DC and FA maps were 

calculated36 using all 27 directions acquired at b = 1200 𝑠/𝑚𝑚2. 

2.3.2. Registration 

All MR image files were converted from DICOM to the Nifti file format using 

tools from the Insight Toolkit (ITK69). Brain masks were created using the brain 

extraction tool (BET70) from the FMRIB software library (fsl.fmrib.ox.ac.uk). The 

resulting binary masks were than visually assessed and refined by hand in Amira3D 

(v6.0, FEI, Hillsboro, OR). Finally, MATLAB (Mathworks, Natick, MA) was used to 

apply these masks to the original images, resulting in a skull-stripped brain volume 

(Figure 9). The resulting skull-stripped volumes were registered to the T2 image volumes 

for each patient by the open-source program Advanced Normalization Tools (ANTs71), 

which first used a rigid, 6 degrees-of-freedom (DOF), mutual-information(MI)-based 

registration for each image volume, followed by an affine, 12 DOF, MI-based 

registration.  
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Figure 9: Original image (left), mask (middle), and skull-stripped image (right). 

 

DWI and DTI maps were registered to the T2 volume using the ADC and 

Average DC maps, respectively, with the resulting spatial transformations applied to 

other maps from the same image sequence. DCE maps were registered using a maximum 

intensity projection of the original DCE images, while DSC maps were registered using 

an averaged version of the DSC images. Again, all other maps from these image 

sequences were spatially transformed based on the appropriate registrations parameters.  

2.3.3. Image Normalization 

Anatomic MR imaging data underwent intensity normalization based on internal 

intensity reference standards, specifically cerebrospinal fluid (CSF), gray matter (GM), 

and white matter (WM). Two-dimensional ROIs (Figure 10) were placed inside the 

ventricles (for CSF), inside the putamen in the lentiform nucleus (for GM), and in regions 

of normal-appearing white matter (NAWM).  

 
Figure 10: ROIs inside areas of CSF (left), gray matter of the putamen (middle), and white matter of the 

centrum ovale (right) on a FLAIR image. 



 25 
 

 

Mean ROI values from these areas were then used to linearly scale data from that 

image volume, according to the equation: 

𝑦𝐶𝑆𝐹−𝑊𝑀 =
𝑥 − 𝐶𝑆𝐹

𝑊𝑀 − 𝐶𝑆𝐹
 

Equation 13: Normalization using internal intensity reference regions.   

where y is the scaled value and x is the original value. The above equation would scale 

CSF as 0 and WM as 1, making it a CSF-WM scaling (Figure 11). The landmarks set as 0 

or 1 could be changed by substituting CSF, GM, or WM values as desired.  

 
Figure 11: Conceptual diagram of normalization of intensity values from two images to a single reference 

scale based on internal intensity reference standards.  

The different scalings used for this study were: CSF-WM (applied to T1, FLAIR, 

and SWAN), WM-CSF (applied to T2 and T2*), and CSF-GM (applied to T1C). 

Applying this normalization landmark (NLM) method to data from the above images 

created a universally consistent intensity scale across multiple patients, despite different 

scanning sessions on different MR scanners. Note that such a normalization method is 

similar to work that was previously described in the literature72. DWI, DTI, DSC, and 

DCE parameters were not normalized but were used as provided by the various software 

package tools.  
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2.3.4. Volume of Interest (VOI) Extraction of Image Information 

Spherical, 5 mm-diameter volumes of interest (VOIs) were used to extract values 

from the imaging volumes at biopsy site locations as recorded during the surgery. To 

balance these samples of abnormal tumor information with normal brain information, 

virtual, imputed “biopsies” in the contralateral hemisphere were performed in normal-

appearing white matter (NAWM). Two CP sites were specified for each real biopsy site, 

with CP1 in a mirror location directly opposite to the biopsy site, and CP2 located further 

away from the tumor in an optimal-looking area of NAWM. Note that these CP2 sites 

were used in all subsequent analyses for this project.  

Because the coordinate systems now matched among all 25 imaging and 

quantitative parameter volumes after the registration, VOIs could be propagated by 

simply extracting values from the same coordinates in each volume. The mean value of 

the VOI was used as the statistically independent measurement from each volume, 

meaning each biopsy or CP site had 25 imaging values associated with it. Also, note that 

VOI means for each imaging parameter, including both biopsy sites and CP sites, were 

standardized using a Z-score procedure before subsequent analysis and modeling. 
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2.4. Results and Discussion 

2.4.1. Advanced MR Image Processing 

2.4.1.1. DCE Image Processing 

Quantitative parameters maps for 𝐾𝑡𝑟𝑎𝑛𝑠, 𝑘𝑒𝑝, 𝑣𝑝, 𝑎𝑛𝑑 𝑣𝑒 were successfully 

generated (Figure 12). Additional maps for wash-in, wash-out, TTP, AUC, and peak 

enhancement were also produced (Figure 13). These maps were generated for 30 out of 

31 patients who had DCE imaging performed. 

 
Figure 12: Quantitative maps for 𝐾𝑡𝑟𝑎𝑛𝑠(top-left), 𝑘𝑒𝑝(top-right), 𝑣𝑝(bottom-left), and 𝑣𝑒 (bottom-right). 

 

 
Figure 13: Quantitative maps for wash-in (left), wash-out (2nd from left), TTP (middle), AUC (2nd from 

right), and peak enhancement (right). 

2.4.1.2. DSC Image Processing 

Quantitative maps for rBV, rBF, and MTT were generated (Figure 14). Additional 

maps for Delay (similar to time-to-peak for DCE), and Leakage or K2, were produced 
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(Figure 15). All patients recruited for the study had DSC imaging performed, meaning 31 

DSC image series were processed in this manner.  

 
Figure 14: Quantitative maps for relative blood volume (rBV), relative blood flow (rBF), and mean transit 

time (MTT).  

 

 
Figure 15: Quantitative maps for Delay (left) and K2, or Leakage (right). 

 

2.4.1.3. DWI and DTI Processing 

Quantitative parameter maps for ADC, eADC, Average DC, and fractional 

anisotropy were generated successfully (Figure 16). Because these were acquired for all 

patients in this study, such processing was performed for 31 DWI and 31 DTI image 

series.  
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Figure 16: Quantitative maps of ADC (top-left), eADC (top-right), Average DC (bottom-left), and 

fractional anisotropy (bottom-right). 

 

2.4.2. Registration 

Three-hundred seven (307) skull-stripped head volumes were created using the 

procedure described. Registrations of these brain volumes to the T2 volume were visually 

assessed for all 31 patients. Almost all registrations were successful in matching the 

position and orientation to the T2 volume for that patient. An exception was the DCE 

volume for one patient, for which a re-sampling process was conducted that seemed 

sufficient for matching it spatially to the T2 volume. 

2.4.3. Image Normalization 

The NLM method successfully aligned the histograms of multiple images to a 

consistent scale (Figure 17). The NLM method was applied to T1, T1C, T2, T2*, FLAIR, 

and SWAN images, with visible effects on histogram scaling (Figure 18), and 

corresponding changes to histogram metrics (Table 1-Table 2), including the standard 

deviations of the histogram means (Table 3), for which the appropriate NLM scaling 
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denominator, calculated using average values for CSF/GM/WM regions, was used to 

convert raw standard deviation values to the same scale as the NLM values. 

 
Figure 17: FLAIR histograms (n=31) both before (top-left) and after (top-right) application of NLM 

scaling. Shown on the histograms are patients from the training set (blue), testing set (red), and a single 

overall histogram for the total set (black).  

 

 
Figure 18: Image histograms (n=31, except for SWAN where n=29) both before (left) and after (right) the 

NLM scaling procedure. Image histograms shown include those of T1 (top-left), T1C (top-right), T2 

(middle-left), T2* (middle-right), FLAIR (bottom-left), and SWAN (bottom-right). 
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Table 1: Histogram information for raw image volumes from anatomic MR imaging sequences (n=31, 

except for SWAN where n=29). 
 T1 T1C T2 T2* FLAIR SWAN 

Mean 1746.721 1117.191 1901.021 1340.767 1196.931 2780.652 

Variance 187492.9 103587.3 627610.6 257158.2 198514.7 480540.3 

Skewness -1.31082 -0.38514 1.279165 -0.87773 -0.59034 -1.30842 

Kurtosis 5.538003 8.819678 5.521657 3.478913 3.721165 6.674408 

20
th

 %ile 1474.323 977.4194 1355.097 997.2258 918.9032 2418.69 

30
th

 %ile 1671.29 1070.548 1468.129 1235.419 1079.452 2645.759 

40
th

 %ile 1786.035 1123.903 1585.226 1363.032 1179.355 2785.828 

 

Table 2: Histogram information for NLM-scaled anatomic MR imaging sequences (n=31, except for 

SWAN where n=29). 
 T1 T1C T2 T2* FLAIR SWAN 

Mean 0.683304 0.721037 0.134672 -0.05387 0.845886 0.816018 

Variance 0.318147 1.156796 0.075583 0.537492 0.182724 3.407389 

Skewness -1.31082 -0.38514 1.279165 -0.87773 -0.59034 -1.30842 

Kurtosis 5.538003 8.819678 5.521657 3.478913 3.721165 6.674408 

20
th

 %ile 0.331085 0.305002 -0.05457 -0.55275 0.576669 -0.07903 

30
th

 %ile 0.581199 0.597885 -0.01515 -0.20853 0.727779 0.459177 

40
th

 %ile 0.727848 0.764056 0.025565 -0.02384 0.823614 0.809953 

 

 

Table 3: Standard deviation of means for histograms of anatomic MR imaging sequences (n=31, except for 

SWAN where n=29). SD values for raw histograms have been normalized using the appropriate NLM 

scaling denominator for that image sequence.  Note the reduction in data spread induced by the 

normalization procedure, allowing noise related to non-biological causes to be minimized. 

 
 Raw NLM 

T1 

(CSF-WM) 
0.3393 0.1544 

T1C 

(CSF-GM) 
0.6950 0.2473 

T2 

(WM-CSF) 
0.0888 0.0616 

T2* 

(WM-CSF) 
0.3342 0.1580 

FLAIR 

(CSF-WM) 
0.2306 0.1236 

SWAN 

(CSF-WM) 
0.9309 0.6003 
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2.4.4. VOI Extraction of Image Information 

Biopsy and CP sites were successfully used to extract imaging values from tumor 

and NAWM locations, respectively (Figure 19, right). The VOI means from these sites 

usually, but not always, possessed different values (Figure 19, left).  These VOIs were 

also successfully propagated through multiple image volumes (Figure 20), resulting in 25 

imaging parameter values per site.  

 
Figure 19: Three-plane (axial, coronal, sagittal) views of VOIs at a single biopsy site inside a tumor (red, 

top row) and in the contralateral hemisphere (green, bottom row) in normal appearing white-matter 

(NAWM) on a T2 image. The overall brain histogram and VOI means are shown at left. 

 
Figure 20: A single biopsy site VOI propagated through multiple image volumes. 
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2.5. Conclusion 

Quantitative parameter maps for advanced MR techniques were successfully 

generated using various commercial software packages.  All images, both anatomic MR 

images and these maps, were skull-stripped using a mixture of open-source and 

commercial software, then registered to each patient’s T2 volume. Once these 

registrations were melded to a consistent coordinate system, ROIs could be placed in 

internal reference regions to enact a system of linear scaling that would normalize 

intensity variations for T1, T1C, T2, T2*, FLAIR, and SWAN images. Finally, VOIs 

could be specified at biopsy and contralateral NAWM locations to extract imaging values 

that would correspond with sampled tissue.   
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Chapter 3 

Performance Assessment for Brain Magnetic 

Resonance Imaging Registration Methods 

3.1. Abstract 

Purpose: To assess the performance of commercial and open-source registration 

algorithms as applied to magnetic resonance images of the brain.  

Materials and Methods: This retrospective analysis of prospectively-acquired data 

was part of a HIPAA-compliant, IRB-approved protocol with written informed consent. 

Twenty patients (mean, 45.3 years; range, 21-75 years) were imaged from Feb. 2013 to 

Oct. 2015 on clinical 3T scanners using four sequences: T2-weighted (T2), fluid 

attenuation inversion recovery (FLAIR), susceptibility weighted angiography (SWAN), 

and T1 post-contrast (T1C). Fiducial landmark sites (n=1175) were specified throughout 

these image volumes to define identical anatomic locations across sequences. Multiple 

registration algorithms were applied (GE, CC06, CC12, MI06, MI12) using the T2 
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sequence as fixed reference. Euclidean error was calculated before and after each 

registration and compared to a gold standard landmark registration. Euclidean 

Effectiveness Ratio (EER) is the fraction of Euclidean error remaining after registration, 

and the Statistical Effectiveness Ratio (SER) is similar, but accounts for dispersion and 

noise.  

Results: Prior to registration, error values for FLAIR, SWAN, and T1C were 

2.07±0.55 mm, 2.63±0.62 mm, and 3.65±2.00 mm, respectively. Post-registration, the 

best error values for FLAIR, SWAN, and T1C were 1.55±0.46 mm, 1.34±0.23 mm, and 

1.06±0.16 mm, with EER values of 0.493, 0.181, and 0.096 and SER values of 0.573, 

0.352, and 0.929, for MI06, MI12 and GE, respectively.  

Conclusions: The optimal registration algorithm varied for each sequence pair.  

Neuroanatomical information encoded in fiducial landmark brain MR imaging sets can 

be used to assess the performance of clinically used registration algorithms, and 

Euclidean error, EER, and SER are useful metrics for comparing the performance of 

competing registration algorithms in clinical applications.  Spatial error increased as a 

function of time in the magnet, and a subpopulation of patients, most with frontal lobe 

tumor involvement, was responsible for the majority of such error, suggesting this 

subpopulation to be the target of interventions designed to minimize motion. 

3.2. Introduction 

Image registration is an essential step in the analysis of brain magnetic resonance 

(MR) data from multiple images, as it provides the spatial correspondence of anatomy 
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across complementary information sources for purposes of diagnosis and treatment. Most 

commercially-available MR image-analysis software packages have some 

implementation of image registration, and such techniques have a thorough, well-

documented grounding in the literature73–84. 

Research publications about new registration methods for MR images of the brain 

always include quantitative assessments of their performance, while commercial 

registration solutions are often released without disclosing the vendor’s own performance 

metrics. Furthermore, due to the proprietary nature of these commercial algorithms, the 

explicit transformations are often not disclosed, resulting in relatively few publicly 

available figures of merit to assess the performance of these heavily used commercial 

solutions that are essential to clinical neuroimaging. 

Various prior methods have been used to assess the performance of registration 

algorithms. External, invasive skull-implanted markers have been used as fiducial 

landmarks to assess CT-MR and PET-MR registrations81, the eight corner voxels of a box 

around the head have been used to assess MR-MR brain registrations85, and 256 anatomic 

landmarks throughout the brain have been used to assess inter-subject MR-MR 

registrations86. An online database of MR and ultrasound brain volumes also contains 19-

40 landmarks per patient to assess registration accuracy87. Additionally, Hoelper, et al.88 

placed 25 anatomical landmarks in T1 and T2 brain volumes to test registration error for 

a commercial product, a rare example of a publicly available assessment for a 

commercial solution.  

In addition to fiducial landmarks, other quantitative and semi-quantitative 

methodologies for assessment have been used. Examples include using tissue edge 
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distances as measured by the Haussdorff distance89, comparing the resulting 

transformations to gold standard reference transformations90, using the amount of tissue 

overlap for equivalent regions91, using image similarity measures calculated between 

images92, and using visual assessments by human observers93.  

In contrast to these examples, there is a real need for simple, objective metrics to 

serve as figures of merit for clinically used registration algorithms. The aim of this 

project was to assess the performance of both commercial and open-source registration 

algorithms as applied to a set of intra-subject, multi-sequence, MR images of the brain. 

We apply several objective metrics of performance to clinically acquired data, and show 

how various methods of registration can be meaningfully compared. A single commercial 

algorithm was chosen to demonstrate proof of principle for this method, but other 

commercial registration solutions could be similarly assessed. 

3.3. Materials and Methods 

This study was a retrospective analysis of data acquired prospectively as part of a 

HIPAA-compliant, IRB-approved clinical protocol that required signed consent from 

study participants. One author (A.C., an employee of GE Healthcare) provided technical 

assistance with the GE registration software.  

3.3.1. Images 

Patients were consecutively recruited based on specific criteria for inclusion (≥18 

years old, candidate for cerebral tumor resection with suspected or biopsy-proven 

primary brain tumor) and exclusion (prior brain tumor treatment, including surgical 
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resection, radiation therapy or chemotherapy). From Feb. 2013 to Oct. 2015, 20 patients 

(mean, 45.3 years; range, 21-75 years) were imaged for surgical planning purposes on GE 

Signa HDxt 3T or GE Discovery MR750 3T clinical scanners (GE Healthcare 

Technology, Waukesha, WI). This cohort included 11 females (mean, 40.7 years; range, 

21-75 years) and 9 males (mean, 50.9 years; range, 28-67 years).  The imaging protocol 

(Table 4) included a high-resolution T2-weighted scan (T2), a fluid-attenuation inversion 

recovery (FLAIR) scan, a susceptibility-weighted angiography (SWAN) scan, and a T1 

post-contrast (T1C) scan that was obtained after injecting 0.1 mmol/kg of either 

gadopentetate dimeglumine or gadobutrol (Magnevist or Gadavist, respectively; Bayer 

Healthcare, Leverkusen, Germany) at 5 mL/sec, followed by 30 mL saline at 5 mL/sec. 

Because two separate contrast doses were needed for the scanning session, the total 

dosage was 20cc Magnevist or Gadavist and 60cc saline. DICOM image files were 

converted into the Nifti file format using functions from the Insight ToolKit (ITK69). 

Images were skull-stripped using the Brain Extraction Tool (BET70) from the FMRIB 

Software Library, followed by manual refinement of the mask using Amira3D (v6.0, FEI, 

Hillsboro, OR) and application of the mask using MATLAB (Mathworks, Natick, MA). 
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Table 4: Image acquisition settings (n = 20). 

Parameter T2 FLAIR SWAN* T1C** 

Slice 

Orientation 
Axial Sagittal Axial Axial 

Pulse Seq. 

Name 
FSE 3D FSE 3D FGRE 3D FGRE 

Time after T2 

(hh:mm:ss) 
00:00:00 

00:16:43 ± 

00:03:30 

00:29:16 ± 

00:07:52 

01:12:02 ± 

00:09:45 

TR (ms) 5800 7000 46 5.724 – 8.208 

TE (ms) 76.512 – 80.832 
123.211 – 

131.379 
23.06 – 23.50 1.736 – 2.1 

TI (ms) N/A 2060 – 2072 N/A N/A 

FA (°) 90-125 90 15 20 

FOV (cm) 19.6 – 23.8 23.04 – 25.6 20 19.2 – 22.4 

Matrix 352 x 224 256 x 256 320 x 224 352 x 224 

BW (kHz) 162.773 122.07 244.141 195.312 

Voxel size (mm) 

0.5469 x 

0.5469 x 

2 

0.5 x 

0.5 x 

1 

0.3906 x 

0.3906 x 

1 

0.4688 x 

0.4688 x 

3.5 

- 

0.5469 x 

0.5469 x 

1.8*** 

Image 

Resolution 

(mm) 

(Root-Mean-

Square / 

Pythagorean) 

1.2380 / 2.1443 
0.7071 / 

1.2247 
0.6596 / 1.1424 

2.0567 – 

1.1311 

/ 

3.5622 – 

1.9591 

ETL 8 140 6 1 

% Phase FOV 70-85 100 100 80 

% Sampling 100 100 
69.1964 – 

69.7891 
100 

*17 out of 20 SWAN volumes had smaller superior/inferior head coverage (68 mm) that did not include the 

entire brain. 

**Obtained after 0.1 mmol/kg of either gadopentetate dimeglumine or gadobutrol (Magnevist or Gadavist, 

respectively; Bayer Healthcare, Leverkusen, Germany) at 5 mL/sec, followed by 30 mL saline at 5 mL/sec. 

Because two separate contrast doses were needed for the scanning session, the total dosage was 20cc 

Magnevist or Gadavist and 60cc saline.  

***19 out of 20 T1C image volumes had a 0.5469 x 0.5469 x 1.8 mm voxel resolution. 

 (FLAIR = Fluid Attenuation Inversion Recovery, SWAN = susceptibility-weighted angiography, T1C = 

T1 post-contrast, FSE = Fast Spin Echo, FGRE = Fast Gradient Recalled Echo) 
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3.3.2. Landmarks 

Fifteen landmarks were manually specified per patient, meaning 60 independent 

landmark sites were specified across the 4 imaging sequences. For the entire set of 20 

patients, 1200 LM points were planned.  Landmarks were placed at anatomically distinct 

locations across the entire brain volume (Figure 21-Figure 22, Table 5) using Amira3D 

software. All fiducial sites were reviewed by multiple observers (J.L., D.S.) with 

expertise in neuroanatomy. In particular, D.S. is a neuroradiologist with 15 years’ clinical 

experience. 

Landmark fiducial sites were chosen for their unambiguous appearance across 

imaging sequences (i.e., vessel intersections, bifurcations, inflection points, and unique 

geometries), so as to ensure correspondence between homologous sites (Figure 23). The 

general locations of each landmark were similar across different patients, but exact 

locations differed from patient to patient because of natural anatomic variations. 

Landmarks were intended to be placed at a variety of locations within the brain, in order 

to capture registration error in many different regions. However, most landmarks were 

located in the mid-axial area of the brain, due to plentiful, easily identifiable anatomy 

being located there. Key sites were therefore chosen in extreme anterior, posterior, 

inferior, and superior locations to round out the spatial distribution of landmark locations. 
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Figure 21: Fiducial landmark locations in 3D head volume. Axial (left), sagittal (top-right), and coronal 

(bottom-right), and views of fiducial landmark sites (yellow rectangles) in a three-dimensional model of the 

brain. Refer to Table 4.2 for descriptions and coordinates. 

 

 
Figure 22: Axial T2-weighted views of fiducial landmark locations in a single patient. Indicated by green 

dots with white arrows. 
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Figure 23: Fiducial landmark site #13 in three-plane views for T2, FLAIR, SWAN, and T1C sequences. 

Indicated by green dots with white arrows. 
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Table 5: Fiducial landmark (LM) site location descriptions. Refer to Figure 3.1 for graphical descriptions. 

LM 

# 
Name of site 

Anatomical 

Description 
X* (mm) Y* (mm) Z* (mm) 

1 R. Midbrain Vessel 
Perimesencephalic 

region vessel 
19.93 ± 7.63 

-38.06 ± 

18.98 
-6.15 ± 7.04 

2 L. Midbrain Vessel 
Perimesencephalic 

region vessel 
-22.31 ± 7.06 

-37.20 ± 

16.61 
-7.88 ± 6.27 

3 R. MCA Bifurcation MCA Bifurcation 33.89 ± 5.29 6.06 ± 5.62 -9.37 ± 7.08 

4 L. MCA Bifurcation MCA Bifurcation -36.05 ± 6.66 4.06 ± 7.30 -8.92 ± 7.87 

5 
R. TSV-Septal 

Junction region 
Venous Angle 1.00 ± 2.40 -11.26 ± 5.99 13.42 ± 5.46 

6 
L. TSV-Septal 

Junction region 
Venous Angle -2.50 ± 2.32 -10.45 ± 3.92 12.94 ± 5.58 

7 Vein of Galen Top of straight sinus -4.29 ± 6.52 -49.56 ± 7.46 13.49 ± 6.59 

8 R. Posterior Mid-level 
Posterior Sylvian 

Vessel 
43.76 ± 8.85 

-37.18 ± 

18.62 
16.13 ± 7.22 

9 R. Anterior Mid-level 
Anterior Sylvian 

Vessel 
36.53 ± 5.21 18.24 ± 7.65 11.84 ± 8.78 

10 L. Posterior Mid-level 
Posterior Sylvian 

Vessel 
-43.01 ± 7.75 

-32.08 ± 

13.17 
18.40 ± 7.42 

11 L. Anterior Mid-level 
Anterior Sylvian 

vessel 
-36.49 ± 6.03 

15.81 ± 

10.62 
9.57 ± 7.81 

12 Superior Midline 

Superior 

Interhemispheric sulci 

region vessel 

-1.53 ± 9.08 
-15.01 ± 

27.62 
37.80 ± 8.53 

13 Far Anterior 
Anterior, mid-axial 

region vessel 
-0.87 ± 6.77 

50.97 ± 

10.52 
8.88 ± 10.12 

14 Posterior/Inferior 
Torcular region inflow 

vessel 
-4.49 ± 11.15 -84.67 ± 8.92 -14.71 ± 4.93 

15 Falx Cerebri region 

Superior Sagittal 

Sinus region inflow 

vessel 

-0.53 ± 4.87 
-14.62 ± 

18.52 
68.57 ± 7.10 

* Right Anterior Superior (RAS) coordinate system (positive axes to R, A, and S) with the anterior 

commissure as the origin, based on the Montreal Neurological Institute’s International Consortium for 

Brain Mapping 152 Nonlinear Symmetric 2009b template 

(http://www.bic.mni.mcgill.ca/ServicesAtlases/ICBM152NLin2009; n=20 for each landmark). 

 

 

 

The standardization of landmark coordinates shown in Table 5 were obtained by 

registering the T2 volume to the International Consortium for Brain Mapping 152 

Nonlinear Symmetric 2009b template94–96, thereby generating coordinates in Right-

Anterior-Superior convention with the anterior commissure as origin. 

 

http://www.bic.mni.mcgill.ca/ServicesAtlases/ICBM152NLin2009
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3.3.3. Registrations 

Each patient’s T2 image volume served as the fixed image, and the FLAIR, 

SWAN, and T1C images served as the moving image for registration procedures.  

Landmark registration was performed as a gold standard reference.   Rigid (6 

degrees-of-freedom [DOF]) and affine (12 DOF) transformations using the fiducial LM 

sites as input were performed using c3d97. These registrations disregarded all imaging 

content, and focused only on minimizing the gap between corresponding landmarks, 

thereby creating a lower bound for target-to-registration error (TRE), defined as the 

Euclidean distance between two points in space:  

𝑇𝑅𝐸 = √|𝑥1 − 𝑥2|2 + |𝑦1 − 𝑦2|2 + |𝑧1 − 𝑧2|2 

Equation 14: Calculation of target-to-tregistration error (TRE). 

where 𝑥1,  𝑦1, and 𝑧1 are the coordinates for point 1, and points 1 and 2 are the T2 

landmark site and the equivalent FLAIR, SWAN, or T1C landmark site, respectively. The 

TRE is also commonly referred to as the root mean square error or the L2 distance. 

The VolumeViewer software package (v11.3 Ext. 14, GE Healthcare, Waukesha, 

WI) available on the GE Advantage Workstation Server (v2.0, GE Healthcare, 

Waukesha, WI) was used for its Integrated Registration module with its specialized 

Neuro Registration mode. Registrations for GE were performed on a stand-alone server 

dedicated to this software. 

The open-source Advanced Normalization Tools software package (ANTs71) was 

used to perform multiple registrations for each of the FLAIR-T2, SWAN-T2, and T1C-

T2 image pairs, using both different similarity measures (cross-correlation [CC] vs. 

mutual information [MI]) and different DOFs for image movement (rigid vs. affine). All 
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registrations were performed on a linux workstation (Intel Xeon X5675 CPU @ 3.07GHz 

with 24 cores, 96 GB RAM). 

3.3.4. Analysis 

Euclidean TRE values between fixed and moving images were calculated at 

baseline (pre-registration) and for seven different registration experiments (Table 6). To 

create independent TRE measurements for analysis, multiple TRE values within each 

patient were averaged together by sequence. For location-dependent analyses, TRE 

values were averaged across patients based on coordinate locations. 

Table 6: Registration experiment inputs, parameters and outputs. 

Registration 

Experiment 
Input Software 

Similarity 

Measure 

Degrees of 

Freedom 
Outputs 

Pre-

registration 
N/A N/A N/A N/A TRE, EER, SER 

GE Images GE Proprietary Proprietary TRE, EER, SER 

Rigid CC Images ANTs CC 6 TRE, EER, SER 

Rigid MI Images ANTs MI 6 TRE, EER, SER 

Affine CC Images ANTs CC 12 TRE, EER, SER 

Affine MI Images ANTs MI 12 TRE, EER, SER 

Rigid LM LM c3d LM 6 TRE, EER, SER 

Affine LM LM c3d LM 12 TRE, EER, SER 

(TRE = Target Registration Error, EER = Euclidean Effectiveness Ratio, SER = Statistical Effectiveness 

Ratio, MI = Mutual Information, CC = Cross-Correlation, GE = General Electric VolumeViewer, ANTs= 

Advanced Normalization Tools, LM = Landmark) 

 

Baseline TRE values were analyzed based on MR scanner, time of image 

acquisition, and location in space. Post-registration TRE values were also analyzed, with 

Shapiro-Wilk test results used to determine the appropriate ANOVA test for comparing 
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means of groups for main effects (Figure 24). When comparing TRE values of 8 different 

groups for a single sequence, if all groups passed the Shapiro-Wilk test, the Repeated 

Measures (RM) ANOVA was used, with post hoc testing using Tukey’s test to adjust p-

values for multiple comparisons (α=0.05). Otherwise, Friedman’s non-parametric 

ANOVA was used, with post hoc testing using Dunn’s test (α=0.05). Pairwise 

comparisons were also performed between the best-performing algorithm for each 

sequence and its runners-up (Figure 25), with the paired t test used if results for both 

groups passed the Shapiro-Wilk test. Otherwise, the Wilcoxon signed-rank test was used. 

All statistical testing was performed using either GraphPad Prism (v6.07, 2015, 

GraphPad Software, La Jolla, CA) or MATLAB with P<.05 denoting significance.  

 
Figure 24: Statistical testing flowchart for target-to-registration error (TRE) results for a single sequence. 

(RM ANOVA = Repeated Measures ANOVA). 
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Figure 25: Statistical testing flowchart for TRE pairwise comparisons of a sequence’s best-performing 

algorithm and its runners-up. 

 

The Euclidean Effectiveness Ratio (EER, Figure 26) represents the fraction of 

Euclidean error remaining after registration, defined as one TRE gap (between the results 

of an algorithm of interest (AOI) and the affine LM algorithm [LM12]) divided by 

another TRE gap (between baseline and LM12 results). The EER scale will always be 

between (0,1) with values at boundary interpreted accordingly. The Statistical 

Effectiveness Ratio (SER, Figure 26) is similar to EER, but accounts for statistical noise. 

It is defined as the ratio of one Cohen’s d (between an AOI and the LM12 results) 

divided by another Cohen’s d (between baseline and LM12 results). Cohen’s effect size d 

was calculated between algorithms using:  

𝑑𝐴−𝐵 =
∆𝑇𝑅𝐸�̅�−�̅�

𝑠𝐴−𝐵
  

Equation 15: Calculation of Cohen’s d effect size. 

where the two algorithms being compared are A and B, the pooled standard deviation 

𝑠𝐴−𝐵 = √
(𝑛𝐴−1)𝑠𝐴

2+(𝑛𝐵−1)𝑠𝐵
2

𝑛𝐴+𝑛𝐵−2
,  𝑠𝐴 is the standard deviation of group A, and 𝑛𝐴is the number 

of samples in group A.  
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Figure 26: Conversion of Target-to-Registration Error (TRE) to Euclidean Effectiveness Ratio (EER) and 

Statistical Effectiveness Ratio (SER) for an algorithm of interest (AOI). (LM12 = affine LM registration, 

Pre = pre-registration) 

3.4. Results 

3.4.1. Images 

Table 7 contains demographic information about patients from this clinical trial.   

The “High Movers” and “Low Movers” subgroups are defined in section 3.4.3b.   

Table 7: Age, race, and frontal lobe tumor involvement of patient groups. 

Characteristic 
All 

(n=20) 

Female 

(n=11) 

Male 

(n=9) 

High 

Movers 

(n=9) 

Low 

Movers 

(n=11) 

Age Mean ± SD 
45.3 ± 

16.4 

40.7 ± 

17.7 

50.9 ± 

14.3 

38.1 ± 

15.3 

51.2 ± 

15.5 

Age Range 21-75 21-75 28-67 21-66 29-75 

Race 

(White/Black/Hispanic/Asian) 
15/2/2/1 8/2/1/0 7/0/1/1 6/1/1/1 9/1/1/0 

No. of Tumor Patients with 

Frontal Lobe Involvement 
11 (55%) 7 (64%) 4 (44%) 8 (89%) 3 (27%) 

 



 49 
 

3.4.2. Landmarks 

Of the 1200 fiducial LM sites planned, 1175 were realized. Because SWAN 

volumes in 17 out of 20 patients had limited superior/inferior head coverage, LM sites 

#14 and/or #15 had to be omitted, depending on the patient, for a deficit of 25 SWAN 

landmark sites (n=10 omitted for LM site #14, n=15 omitted for LM site #15). The 

resulting 1175 points translated to 875 LM pairs (300 for FLAIR-T2, 275 for SWAN-T2, 

and 300 for T1C-T2). In 3 out of 20 patients, the SWAN imaging volume was located too 

superiorly to include the normal locations of LM sites #1-4 (the next most inferior 

landmarks, after LM site #14). In these cases, alternative fiducial sites were chosen, 

superior enough to still allow a valid site pairing with the T2 volume. 

3.4.3. Registrations and Analysis 

3.4.3.1. Baseline Target-to-Registration Error (TRE) by MR Scanner 

Baseline TRE values between the two MR scanners (Table 8) were not 

statistically significant for the FLAIR, SWAN, or T1C sequences (P = .8882, P = .2531, 

and P = .8033, respectively; Unpaired t-test). 

Table 8: Baseline TRE by MR Scanner. 

Sequence 
Signa HDxt  

(n=16) 

Discovery MR750 

(n=4) 

FLAIR 2.08 ± 0.49 2.04 ± 0.85 

SWAN 2.71 ± 0.64 2.30 ± 0.45 

T1C 3.59 ± 2.15 3.88 ± 1.49 
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3.4.3.2. Baseline TRE as a Function of Time 

Baseline TRE increased as a function of time in the magnet for the entire 

population (Figure 27, left), with a best-fit line significantly different from zero slope (F 

= 17.80, P<.0001, 𝑅2 = 0.2348). Using Z scores based on T1C TRE values, patients 

were dichotomized into high movers (Z > 0.35) and low movers (Z < 0.35). The line for 

the high movers was significantly different from zero slope (Figure 27, right; F = 33.64, 

P<.0001), but the line for the low movers was not (F = 0.004419, P=.9474).   

 
Figure 27: Plot of baseline TRE vs time. Sorted by image sequence (left; FLAIR: blue diamonds, SWAN: 

red squares, T1C: green triangles) and by patient movement (right; High Movers: blue diamonds; Low 

Movers: red squares) (n = 15 for FLAIR and T1C, n = 12-15 for SWAN). 

 

3.4.3.3. Baseline TRE as a Function of Location 

We analyzed the high movers group, and found that their predominant motion 

appeared to be rotatory in nature (Table 9), around an axis passing through the dens 

(Figure 28).  TRE values were therefore plotted against their distance from a point on this 

fulcrum axis (Figure 29). For the T1C sequence (Figure 29, bottom), baseline TRE 

increased with distance from this point, with a best-fit line significantly different from 

zero slope (F = 42.12, P=.0074). However, the best-fit lines for FLAIR (F = 8.311, 
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P=.0634) and SWAN (F=1.331, P=.3322) were not significantly different from zero 

slope, suggesting a threshold effect for movement as time increases.  

 

Table 9: Translation, rotation, and scaling parameters from the affine LM registrations for the High Movers 

subgroup (n=9). 

Movement Type FLAIR SWAN T1C 

Translate X (mm) 0.23 ± 0.36 -0.22 ± 0.34 -0.45 ± 1.89 

Translate Y (mm) 0.97 ± 0.77 0.74 ± 1.02 0.05 ± 3.12 

Translate Z (mm) -0.06 ± 0.95 1.84 ± 1.74 0.62 ± 3.41 

Rotate X (°) 0.70 ± 1.23 0.76 ± 1.37 0.59 ± 3.09 

Rotate Y (°) -0.16 ± 0.40 -0.12 ± 0.45 -0.21 ± 1.16 

Rotate Z (°) -0.25 ± 0.61 -0.33 ± 0.79 -1.47 ± 2.95 

Scale X 0.99 ± 0.02 1.00 ± 0.01 1.00 ± 0.02 

Scale Y 1.00 ± 0.01 1.00 ± 0.01 1.00 ± 0.01 

Scale Z 0.99 ± 0.01 0.99 ± 0.02 1.00 ± 0.02 

 

 

 
Figure 28: User-defined fulcrum point (white arrows) along a rotational axis in-line with the dens. TRE 

behavior was analyzed based on the Euclidean distance from this point. 
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Figure 29: Plots of TRE vs. distance from the fulcrum point for FLAIR (top), SWAN (middle), and T1C 

(bottom). All TRE values shown are from the high movers subpopulation (n = 27 for FLAIR and T1C, 

n=25-26 for SWAN). 



 53 
 

3.4.3.4. TRE and Euclidean Effectiveness Ratio (EER) after Registration 

For FLAIR TRE and EER values (Figure 30 top, Table 10), the rankings were: 

rigid MI < rigid CC < affine CC < GE < affine MI. Pairwise TRE comparisons between 

the best algorithm and its runners-up did not reveal significant differences for the rigid 

MI – rigid CC pair (P=.0552 Paired t, effect size d=0.1492) or the rigid MI – affine CC 

pair (P=.0532 Paired t, effect size d=0.3620). Significant differences did exist for the 

rigid MI – GE pair (P=.0323 Paired t, effect size d=0.4627).  

For SWAN TRE and EER values (Figure 30 middle, Table 10), the rankings 

were: affine MI < GE < rigid MI < affine CC < rigid CC. Pairwise TRE comparisons 

between the best algorithm and its runners-up revealed significant differences for the 

affine MI – GE pair (P=.0136 Wilcoxon signed-rank, effect size d=0.4969) and the affine 

MI – rigid MI pair (P=.0121 Wilcoxon signed-rank, effect size d=0.6454).  

For T1C TRE and EER values ((Figure 30 bottom, Table 10), the rankings were: 

GE < affine MI < affine CC < rigid MI < rigid CC. Pairwise TRE comparisons between 

the best algorithm and its runners-up did not reveal significant differences for the GE – 

affine MI pair (P=.6640 Paired t, effect size d=0.0669), but did reveal significant 

differences for the GE – affine CC pair (P=.0042 Wilcoxon signed rank, effect size 

d=0.7720).  

The SER rankings were the same as rankings based on TRE and EER for the 

FLAIR and SWAN sequences. For the T1C sequence, the SER ranking was different, 

selecting rigid CC as the top algorithm (Table 11).  
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Table 10:  Target-to-registration error (TRE) and Euclidean Effectiveness Ratio (EER) values for each 

registration and sequence (n = 20). Underlined entries denote the best-performing registration for that 

sequence and metric. 𝐸𝐸𝑅 =
∆𝑇𝑅𝐸(𝐴𝑂𝐼)̅̅ ̅̅ ̅̅ ̅̅ ̅−(𝐿𝑀12)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅  

∆𝑇𝑅𝐸(𝑃𝑟𝑒)̅̅ ̅̅ ̅̅ ̅̅ −(𝐿𝑀12)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅
. Asterisks indicate statistically significant TRE differences 

from pre-registration values (*P≤ .05, **P≤.01, ***P≤.001, ****P≤.0001; FLAIR: Dunnett’s Test; SWAN, 

T1C: Dunn’s test). 

 
FLAIR SWAN T1C 

Registration 

Experiment 
TRE (mm) EER TRE (mm) EER TRE (mm) EER 

Pre 2.07 ± 0.55 1.000 2.63 ± 0.62 1.000 3.65 ± 2.00 1.000 

GE 1.74 ± 0.33 0.672 1.46 ± 0.26* 0.259 1.06 ± 0.16**** 0.096 

Rigid CC 1.62 ± 0.42* 0.556 1.75 ± 0.67* 0.440 2.39 ± 1.98 0.560 

Rigid MI 1.55 ± 0.46* 0.493 1.55 ± 0.39** 0.313 1.95 ± 1.15 0.406 

Affine CC 1.72 ± 0.46 0.653 1.57 ± 0.43* 0.323 1.27 ± 0.35* 0.170 

Affine MI 1.82 ± 0.62 0.757 1.34 ± 0.23**** 0.181 1.07 ± 0.14*** 0.100 

Rigid LM 1.15 ± 0.26**** 0.107 1.17 ± 0.24**** 0.068 0.86 ± 0.13**** 0.025 

Affine LM 1.04 ± 0.24**** 0.000 1.06 ± 0.26**** 0.000 0.79 ± 0.14**** 0.000 
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Figure 30: TRE and EER values (boxplots and circles, respectively; n=20) for FLAIR (top), SWAN 

(middle), and T1C (bottom). TRE differences among the 8 groups were statistically significant for FLAIR 

(RM ANOVA, F = 19.22, P<.0001), SWAN (Friedman’s ANOVA, F = 103.5, P<.0001), and T1C 

(Friedman’s ANOVA, F = 108.5, P<.0001). Asterisks indicate statistically significant TRE differences 

from baseline (*P≤ .05, **P≤.01, ***P≤.001, ****P≤.0001; FLAIR: Dunnett’s Test; SWAN, T1C: Dunn’s 

test). 
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Table 11: Statistical Effectiveness Ratio (SER) values for each registration and sequence, using patient-

averaged data (n = 20). Underlined entries denote the best-performing registration for that sequence. 

𝑆𝐸𝑅 =
(𝑑𝐴𝑂𝐼−𝐿𝑀12 )

𝑑𝑃𝑟𝑒−𝐿𝑀12
 . 

Registration 

Experiment 
FLAIR SWAN T1C 

Pre 1.000 1.000 1.000 

GE 0.980 0.475 0.929 

Rigid CC 0.693 0.412 0.565 

Rigid MI 0.573 0.450 0.704 

Affine CC 0.758 0.435 0.903 

Affine MI 0.680 0.352 1.007 

Rigid LM 0.183 0.130 0.260 

Affine LM 0.000 0.000 0.000 

3.5. Discussion 

The main findings from this study were: 

1) The FLAIR, SWAN, and T1C image volumes were, on average, improved by 

registration that corrected for spatial errors due to patient motion. For open-source 

methods, MI outperformed CC registrations, and affine usually outperformed rigid 

registrations. 

2) Spatial error values after registration were comparable or better than values 

found in the literature.  

3) The unregistered spatial error increased as a function of time in the magnet, 

and a subpopulation of patients, most with frontal lobe tumor involvement, was 

responsible for the majority of the time-dependence of the spatial error. 

4) Better correction was possible between sequences with similar planes of 

acquisition. If images are acquired in different planes, out-of-plane distortion corrections 

should be applied. 
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5) The best algorithms using the EER metric were the same as the best algorithms 

by TRE values.  

All sequences, on average, were improved by registration that corrected for 

spatial errors due to patient motion, a finding that is compatible with conventional 

wisdom regarding spatially aligning images before analysis73, 76, 83. For open-source 

methods, MI generally outperformed CC registrations, given the same DOF and image 

sequence, which agrees with existing literature98, and affine usually outperformed rigid 

transformations, given the same similarity measure and image sequence, which makes 

sense given that the latter is a special case of the former76. 

The smallest TRE values for FLAIR, SWAN, and T1C were comparable to error 

values from a commercial vendor that performed rigid, whole volume registrations on 

brain MR images (1.6 mm88). They are also comparable or better than average non-linear 

registration errors for other body parts and imaging modalities, including CT-CT lung 

(1.0 mm99, 2.05 mm100), CT-CT liver (1.8 mm99), MR-CT liver (3.9 mm99), and MR-MR 

prostate (2.3 mm99).  

Spatial error increased as a function of time in the magnet, which supports 

previous observations about image misalignments increasing with time during a scanning 

session101, and which likely occurs due to patient restlessness expressed by repositioning 

of the head.  The high movers subpopulation, responsible for most of the time-dependent 

error, was younger than the overall cohort (38.1 vs 45.3 years), and in 8 out of 9 cases, 

had tumors with involvement in the frontal lobe, an area of the brain associated with 

motor impulse control102. Analysis of error versus location suggests that most head 
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movement during the scanning session occurs as rotation about a fulcrum that is in-line 

with the dens.  

Better spatial corrections were possible between sequences with similar planes of 

acquisition, since differences in native orientations lead to differences in residual, out-of-

plane distortions. Specifically, FLAIR had left/right (L/R) distortions (with the brain 

pinched along the L/R axis, especially near the superior/inferior edges of the volume), 

while T2, SWAN, and T1C did not have such distortions (since reverse-pincushion-

shaped corrections had restored the brain to its proper shape and size, Figure 31). As a 

result, the best TRE value for FLAIR was larger than the best TRE values for SWAN and 

T1C. Rigid also outperformed affine registrations for the FLAIR sequence, since affine 

transformations attempted to recreate the non-linear effects of distortion correction and 

unintentionally worsened FLAIR-T2 matching. Out-of-plane distortion corrections 

should therefore be applied by MR scanners, when available. 

 

 
Figure 31: Coronal views of a native axial T2 sequence (left) and a native sagittal FLAIR sequence (right). 

Intensity windows have been leveled to make the acquisition edges visible. Left/right (L/R) distortion 

correction has been applied to the left T2 image (note the side curvature that flares out at the top and 

bottom) but not the right FLAIR image. The lack of such correction makes anatomy on the FLAIR images 

appear smaller along the L/R axis, especially closer to the superior/inferior edges of the image volume, 

away from isocenter where the magnetic gradients are weaker. 

 

The best algorithms by EER values (FLAIR: rigid MI; SWAN: affine MI; T1C: 

GE) were the same as the best algorithms by TRE values, which makes sense given that 
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the EER is a normalization of TRE that preserves the relative rankings of different 

algorithms while facilitating comparisons across different sequences. The SER, however, 

gave different rankings for T1C, and is a less intuitive metric to interpret, but attractive 

from a statistical perspective, due to its incorporation of noise.  

Multiple limitations existed for this study. The placement of fiducial landmark 

sites was subject to user error, voxel size limitations, and image deformations caused by 

patient motion. A neuroanatomical expert therefore evaluated all LM sites, followed by 

adjustments, if needed. Fiducial sites were also limited to those locations that could be 

reliably identified across images with widely different contrast mechanisms, with most 

sites ending up in the central region of the brain. To help compensate for this limitation, 

we sought a well-rounded distribution of landmarks in the anatomy that was usable, and 

also placed landmarks at extreme anterior, posterior, superior, and inferior locations. 

Measurement precision was limited by using voxels (discretized representations of 

anatomy) to measure spatial error on a continuous scale. All voxel sizes and error values 

as originally calculated are therefore reported, to allow readers to form their own 

judgments. Our number of patients was low, which could affect generalizability of the 

results, but the methodology demonstrated can still be used to quantify registration 

accuracy.  

3.6. Conclusion 

In summary, we developed a methodology to quantify the registration accuracy of 

commercial and open-source algorithms. Publicly available figures of merit for 
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registration algorithms could help end-users compare and choose among available 

registration options in the clinic, and help guide the development of future algorithms. 
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Chapter 4 

Developing an Imaging Signature for 

Targeting Gliomas* 

4.1. Abstract 

Purpose: To develop an imaging signature for untreated glioma, by using imaging 

features to predict the presence or absence of tumor and histological tissue 

characteristics. 

Materials and Methods: Twenty-six (26) patients with untreated gliomas were 

recruited as part of a prospective, institutional review board (IRB)-approved, clinical trial 

protocol. Each patient underwent MR imaging using both conventional anatomic 

                                                        
 

*   This chapter was prepared with the assistance of David Fuentes, Sujit S. Prabhu, Jeffrey S. 
Weinberg, Ian McCutcheon, Sherise Ferguson, Jia Sun, Veera Baladandayuthapani, John D. Hazle, 
Gregory N. Fuller, and Dawid Schellingerhout. Material from this chapter will later be submitted for 
publication. 
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sequences (T1, T1 post-contrast [T1C], T2, T2*, fluid attenuation inversion recovery 

[FLAIR], susceptibility-weighted angiography [SWAN]) and advanced MR sequences 

(DWI, DTI, DSC, DCE), followed by stereotactic biopsy during a craniotomy procedure.  

A total of 57 biopsies (2.28 biopsies/patient) were harvested immediately prior to 

resection, and the 3D location of each biopsy site was recorded, allowing a full imaging 

description of 25 imaging parameters for each biopsy location. Pathological analysis of 

tissue from each biopsy site was performed, yielding 4 pathological parameters that 

included World Health Organization (WHO) grade, the cell proliferation marker Ki67, 

the vascularity marker ERG, and cell density (CD). To provide a source of normal 

imaging and tissue information for model development, virtual, imputed “biopsies,” one 

for each real biopsy, were placed in areas of normal-appearing white matter in the 

contralateral hemisphere, with histological parameters obtained or derived from the 

literature.  

Imaging inputs to modeling techniques were subject to dimensional reduction by 

using the Wilcoxon rank sum test, univariate regression, and principal components 

analysis, with the results serving as a culled set of inputs to linear/logistic regression 

analyses and random forest (RFT) machine learning algorithms to model pathologic 

outcome variables. 

For categorical predictions of tumor presence/absence, the cross-validation 

analysis used 57 real biopsies and 57 imputed biopsies from 25 patients, with the data 

randomly divided into 80% training and 20% testing sets for ten iterations. A single 

iteration of out-of-sample testing was also performed, in which the training set was 34 

real biopsies and 34 imputed biopsies in 13 patients, and the test set was 23 real biopsies 
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and 23 imputed biopsies in 12 patients. Receiver operating characteristic (ROC) curves 

were constructed for each input/model combination, with an area under the curve (AUC) 

reported for each. 

For quantitative predictions of continuous variables (Ki67, ERG, and CD), in-

sample testing was performed in which the training set was 50 real biopsies and 50 

imputed biopsies from 23 patients, and the test set was the 50 real biopsies previously 

used for training. Out-of-sample testing was also performed in which the training set was 

29 real biopsies and 29 imputed biopsies from 12 patients, and the test set was 21 real 

biopsies from 11 patients that had not been used in training. Biopsy sites were excluded 

pairwise for modeling particular outcome variables, as based on missing imaging and/or 

histological values. 

Results: Out of 31 patients recruited, 26 had good imaging-pathologic pairs 

suitable for analysis, yielding a total of 64 biopsy sites or 2.46 biopsies per included 

patient. Of these 64 biopsy sites, 57 biopsy sites from 25 patients were usable for 

modeling tumor presence/absence, and 50 biopsy sites from 23 patients were usable for 

modeling quantitative variables. Counting the contralateral, normal, virtual biopsies, that 

meant 114 sites were available for modeling tumor presence/absence (57 real biopsies 

and 57 imputed biopsies), and 100 sites were available for modeling quantitative 

variables (50 real biopsies and 50 imputed biopsies). 

For modeling the presence or absence of tumor, the most important imaging 

sequences were T2, FA, ADC, Average DC, eADC, T1, FLAIR, AUC, Peak, T2*, 𝑘𝑒𝑝, 

K2, and 𝐾𝑡𝑟𝑎𝑛𝑠, serving as inputs to the RFT algorithm. For this particular input/model 

combination, cross-validation analysis using 80% training / 20% testing over ten 
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iterations yielded an AUC of 0.9864 (0.9595-0.9958), and single iteration, out-of-sample 

testing also resulted in a substantially similar AUC of 0.9800 (0.8810-1). 

For modeling Ki67 values, the most important imaging sequences were Average 

DC, ADC, FA, T2, eADC, Peak, T1, AUC, Wash-out, Delay, and T2*, serving as inputs 

to the RFT algorithm. In-sample testing yielded significant correlations between 

predicted and actual Ki67 values (r = .92, P < .0001), but out-of-sample testing did not 

have similar results (r = -.14, P = .5541). 

For modeling ERG values, the most important imaging sequences were T2, FA, 

Peak, AUC, ADC, Average DC, T1, eADC, T2*, K2, 𝐾𝑡𝑟𝑎𝑛𝑠, and FLAIR, serving as 

inputs to the RFT algorithm. In-sample testing yielded significant correlations (r = .96, P 

< .0001), as did out-of-sample testing (r = .51, P = .0177). 

For modeling CD values, the most important imaging sequences were T2, FA, 

ADC, T1, Average DC, AUC, Peak, T2*, K2, FLAIR, and eADC, serving as inputs to the 

RFT algorithm. In-sample testing yielded significant correlations (r = .96, P < .0001), as 

did out-of-sample testing (r = .46, P = .0337). 

Conclusion: Imaging inputs were successful at predicting tumor 

presence/absence, ERG, and cellular density values, but Ki67 could not be successfully 

predicted at our sample size.  These findings a) allow the development of predictive 

models for improved guidance of spatially-oriented treatments (e.g., surgery and 

radiation), and b) provide a rational basis for prioritizing imaging sequence development, 

as based on the relative importance of imaging inputs to these models.  
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4.2. Introduction 

Gliomas account for 80% of all malignant primary brain and CNS tumors in the 

US103, and magnetic resonance imaging (MRI) is nearly universally used in the clinical 

management of such tumors. Despite great strides in imaging improvements over the 

decades, however, the prognosis of high grade glioma remains poor, with the last 

significant development being an increase in median survival from 12 to 14 months after 

the introduction of temozolomide-radiation therapy in 2005104.  

One interpretation of these relatively poor survival statistics for high grade 

disease is that little effective therapy is available, while another interpretation is that 

imaging fails to adequately inform on the underlying biology of these tumors. Certainly, 

conventional MR techniques possess limited insight into the spatial heterogeneity of the 

biology involved because of a lack of specificity105.  

In acknowledgement of the need for better imaging and subsequent interpretation, 

extensive studies such as the The Cancer Genome Atlas (TCGA)106, 107 and The Cancer 

Imaging Archive (TCIA)108–110 have attempted to form better correlations between 

imaging and tumor characteristics.  While much has been learned from analyzing 

imaging information and genetic information from large, whole tumor volumes111–130, 

these studies have also revealed the need for tighter spatial correlations between imaging 

and tissue information in order to characterize intra-tumor heterogeneity, an important 

tissue characteristic with direct bearing on the therapeutic efficacy of all proposed 

treatments113. 
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Several studies have already attempted to provide such spatially-precise 

radiological-pathological correlations. Kelly, et al.131 used image-guided stereotactic 

procedures to remove 195 biopsies from 40 patients, thereby demonstrating that contrast-

enhancement on CT images usually correlated with the presence of tumor, with no 

infiltration of normal brain in such samples.  

Price, et al. removed 77 biopsies from 20 patients who had preoperative DTI 

acquisitions, with tissue samples evaluated for the presence of tumor, infiltrating tumor, 

or normal brain. Metrics derived from DTI were then used to differentiate gross from 

infiltrating tumor with sensitivity 98% and specificity 81%55. Note that a separate 

validation set was not used for testing, and that DCE and DSC imaging were not 

acquired.  

Barajas, et al. removed 119 biopsies from 51 patients who had preoperative DSC 

and DWI sequences, with tissue samples evaluated for tumor score, cell density, 

proliferation, architectural disruption, hypoxia, and vascularity. Mixed effects modeling 

was used to relate these tissue measures with imaging parameters, demonstrating that 

DSC parameters correlated with proliferation, vascularity, and necrosis in contrast-

enhancing regions, while DWI parameters correlated with infiltrating tumor in non-

enhancing regions49.  This study, however, did not include DCE as part of its imaging 

protocol, nor did it attempt to use image findings to perform validation set predictions on 

tissue characteristics.  

Durst, et al., removed 25 biopsies from 10 patients who had preoperative DTI and 

DSC images, with tissue samples evaluated for nuclear density, tumor presence, tumor 

infiltration edge presence, cellularity, vascularity, and necrosis. Principal components 
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analysis was performed, followed by univariate analyses, to eliminate unimportant 

imaging information from the dataset, with the remaining principal components used in a 

multivariate model for nuclear density. Although this model produced good correlations 

between predicted and actual nuclear density values (r = .75)54, there was no separate 

validation set, and DCE imaging was not part of the analysis.  

Hu, et al. removed 82 biopsies from 18 patients who had preoperative DSC and 

DTI images, with tissue samples evaluated for high or low tumor content, as based on a 

threshold of 80% tumor nuclei. Various texture features were extracted from the imaging 

data, which were then used by a machine learning technique to predict tumor content 

with 85% cross-validation accuracy and 82% validation set accuracy56. The inclusion of a 

separate validation set for testing was noteworthy, although only one tissue characteristic 

was used as output for predictions and no DCE imaging was acquired. 

Additional studies have provided similarly tight correlations between imaging and 

tissue. Barajas, et al. removed 30 biopsies from 13 patients who had preoperative DSC 

and DWI sequences, demonstrating that pathological features of aggressiveness 

correlated with increased relative CBV and decreased relative ADC51. In another study 

by Barajas, et al., 43 biopsies were removed from 18 patients based on DWI information 

for image guidance. Tissue samples were then correlated with track density imaging 

(TDI) values, demonstrating that TDI correlated with hypoxia, architectural disruption, 

and proliferation52. Barajas, et al. also removed 25 biopsies from 10 patients using DSC 

for image guidance, with DSC parameters found to correlate with vascular endothelial 

growth factor-A (VEGF-A), vascularity, and vascular morphology53. Essock-Burns, et al. 

used 72 biopsies from 35 patients from the 2012 study by Barajas, et al. to test 
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correlations between vascularity, as evaluated using Factor VIII, and DSC parameters, as 

processed using non-linear, non-parametric methods50. Price, et al. removed 38 biopsies 

from 10 patients who had preoperative DSC imaging, with subsequent analysis 

demonstrating that relative CBV correlated with proliferation, but not cellular packing 

attenuation, in high-grade gliomas58. Sadeghi, et al. removed 81 biopsies from 18 patients 

who had preoperative DSC and DWI sequences. Within regions of bulk tumor, 

significant correlations were found between relative CBV and cell density, between 

relative CBV and vascularity, and between ADC and decreased vascularity. Surprisingly, 

no correlation was found between ADC and cellular density57. Jensen, et al. removed up 

to 4 biopsies from each of 18 patients, all of whom had DCE imaging. Spearman’s 

correlation coefficient was used to demonstrate that, in areas of active tumor, capillary 

transit time correlated with hypoxia-inducible factor 1 (HIF1) and VEGF, blood volume 

also correlated with HIF1 and VEGF, and capillary heterogeneity correlated with VEGF. 

Note that blood volume also correlated with proliferation59. Gempt, et al. removed 38 

biopsies from 11 patients using various combinations of MRI and/or 18F-FET-PET 

targeting. Sites that were targeted using both imaging modalities possessed significant 

correlations between the Choline/Creatine ratio and cell density, as well as between the 

N-acetyl-aspartate/Creatine ratio and proliferation60. Lopez, et al. removed 363 biopsies 

from 23 patients, all of whom had 18F-FET-PET imaging. Pearson’s correlation was used 

to demonstrate that cortical uptake rates decreased with reduced cell density, but that they 

increased with greater pathological proliferation, GFAP, and Olig2 markers61.  

In light of these attempts to correlate radiological and pathological information 

using image-guided biopsies, there is a real need for a similar study that uses an 
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extensive set of both conventional and advanced MR imaging, including DCE, DSC, 

DWI, and DTI sequences, and also uses a separate validation set for testing. This study 

sought to fill that need by recruiting adult patients with untreated gliomas, who were 

imaged using the MR sequences mentioned, and whose imaging values and tissue 

information from spatially-precise biopsy locations were incorporated into a database for 

modeling tumor presence or status, the cell proliferation marker Ki67, the vascularity 

marker ETS-related gene (ERG), and cellular density (CD).  

4.3. Materials and Methods 

4.3.1. Patients 

This study was a prospective, HIPAA-compliant, IRB-approved clinical trial 

protocol that required signed consent from study participants. Patients were consecutively 

recruited based on specific criteria (Table 12) meant to select for adults with untreated, 

primary gliomas. 

Table 12: Inclusion and exclusion criteria. 

Inclusion 

Criteria 

 ≥18 years old 

 Candidate for cerebral tumor resection, with lesion suspected 

to be, or previously biopsy-proven to be, a primary glioma. 

 Agrees to undergo MRI prior to planned craniotomy 

Exclusion 

Criteria 

 Glomerular Filtration Rate < 60 mL/min/1.73m2 

 Pacemakers, electronic stimulation, metallic foreign bodies 

and devices, and/or other conditions that are not MR safe 

 Prior brain tumor treatment, including surgical resection, 

radiation therapy or chemotherapy 
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4.3.2. Image Sequences 

Patients were imaged for surgical planning purposes on GE Signa HDxt 3.0T or 

GE Discovery MR750 3.0T clinical scanners using an 8-channel head coil (GE 

Healthcare Technology, Waukesha, WI). The imaging protocol included anatomic 

sequences (T1, T1-post contrast [T1C], T2, T2*, Fluid Attenuation Inversion Recovery 

[FLAIR], and Susceptibility-Weighted Angiography [SWAN]), a permeability sequence 

(Dynamic Contrast-Enhanced [DCE]), a perfusion sequence (Dynamic Susceptibility 

Contrast [DSC]), and diffusion sequences (Diffusion-Weighted Imaging [DWI] and 

Diffusion Tensor Imaging [DTI]). Scanning parameters for all sequences from both MR 

scanners are in Table 13 and Table 14. 

Images were acquired in the following order: DWI, T2, T1, T2*, DTI, FLAIR, 

SWAN, DCE, T1C, MRS, and DSC. For the DCE sequence, 0.1 mmol/kg of either 

gadopentetate dimeglumine or gadobutrol (Magnevist or Gadavist, respectively; Bayer 

Healthcare, Leverkusen, Germany) was injected intravenously at 5 mL/sec, followed by 

30 mL saline at 5 mL/sec. The same bolus was used for DCE and T1C imaging, with 

approximately 7-8 minutes between the sequences. For the DSC sequence, another bolus 

of 0.1 mmol/kg of either gadopentetate dimeglumine or gadobutrol was again injected 

intravenously at 5 mL/sec, followed by 30 mL saline at 5 mL/sec, for a total patient dose 

of 0.2 mmol/kg of Gadolinium.  
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Table 13: Scan parameters used for anatomic MR image sequences. 

 
T1 T1C T2 T2* FLAIR SWAN 

Slice 

Orientation 
Axial Sagittal Axial Axial Sagittal Axial 

Pulse Seq. 

Name 
MEMP 

MEMP/ 

EFGRE3D* 
FSE 2DFAST 3D FSE 

3D 

FGRE 

TR (ms) 700 8.124*-700 
4000 / 

5800 
700 7000 

40.7 / 

46 

TE (ms) 10-11 1.756*-11 
76.512 – 

86.076 
15 

89.94 – 

131.379 

23.06 – 

23.5 

TI (ms) N/A N/A N/A N/A 
2060 – 

2093 
N/A 

FA (°) 90 20* / 90 90 / 125 20 90 15 

FOV (cm) 
16.5 – 

22.0 
16.5 / 24.0 

19.6 – 

23.8 

16.5 / 

22.0 
23 – 28 20 

Matrix 256 x 192 
256 x 192 – 

352* x 224 

256 x 192 

/ 

352 x 224 

256 x 192 

192 x 192 

/ 

256 x 256 

320 x 

224 

BW (kHz) 244.141 
195.312* / 

244.141 

162.773 / 

244.141 
244.141 

122.07 / 

244.141 
244.141 

Voxel size 

(mm) 

0.8594 x 

0.8594 x 

5 

0.5469* x 

0.5469* x 

1.8* 

– 

0.9375 x 

0.9375 x 

5 

0.5469 x 

0.5469 x 

2 

/ 

0.9766 x 

0.9766 x 

2 

0.8594 x 

0.8594 x 

5 

0.4492 x 

0.4492 x 

1.2 

- 

0.5469 x 

0.5469 x 

1 

0.3906 

x 

0.3906 

x 

2 

Spacing 

Between Slices 

(mm) 

6.5 1.8* / 6.5 2 6.5 0.5 – 1 1 

No. of 

Slices/Volume 
23 – 24 20 – 124* 85 – 97 23 – 24 154 – 166 30 – 64 

Total No. of 

Slices 
23 – 24 20 – 124* 85 – 97 23 – 24 158 – 332 

60 – 

128 

ETL 1 1 8 / 20 1 140 / 211 6 

% Phase FOV 75 – 100 75 – 100 70 – 85 75 / 100 90 / 100 100 

% Sampling 100 100 100 100 100 

69.0988 

– 

69.7891 

Acquisition 

Time (m:ss) 
1:51 2:47 4:50 1:45 8:55 3:48 

(FLAIR = Fluid Attenuation Inversion Recovery, SWAN = susceptibility-weighted angiography, T1C = T1 

post-contrast, FSE = Fast Spin Echo, FGRE = Fast Gradient Recalled Echo, MEMP = Multi-echo Multi-

planar, TR = repetition time, TE = Echo time, TI = Inversion time, FA = Flip Angle, FOV = Field of View, 

BW = Bandwidth, ETL = Echo Train Length, pFOV = phase field of view) *Only used once; A substitute 

T1C sequence from the same scanning session was used for analysis when the desired T1C sequence was 

lost due to a PACS malfunction. 
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Table 14: Scan parameters used for physiologic MR image sequences. 

 
DWI DTI DCE DSC MRS* 

Slice 

Orientation 
Axial Axial Axial Axial Axial 

Pulse Seq. 

Name 
SE-EPI SE-EPI SPGR GR-EPI Probe-P 

TR (ms) 4000 / 8000 
10,000 – 

10,200 
3.112 – 3.7 1500 1000 

TE (ms) 73.9 – 102.8 62.3 – 93.5 1.104 – 1.348 25 144 

FA (°) 90 90 15 / 30 60 / 90 N/A 

FOV (cm) 22 22 16 – 18 22 / 24 20 

Matrix 128 x 128 128 x 128 256 x 160 
128 x 128 / 

128 x 160 
16 x 16 

BW (kHz) 1953.12 1953.12 488.281 
1953.12 / 

3906.25 
2 

Voxel size 

(mm) 

0.8594 x 

0.8594 x 

3 

- 

0.8594 x 

0.8594 x 

5 

0.8594 x 

0.8594 x 

2.5 

/ 

0.8594 x 

0.8594 x 

3.5 

0.7813 x 

0.7813 x 

2 

- 

0.9375 x 

0.9375 x 

5 

0.9375 x 

0.9375 x 

3.5 

- 

1.7188 x 

1.7188 x 

5 

12.5 x 

12.5 x 

12.5 

Spacing 

Between Slices 

(mm) 

3.5 / 6.5 2.5 / 3.5 2 – 5 3.5 / 5 N/A 

No. of 

Slices/Volume 
24 – 48 36 – 44 16 – 34 16 – 24 1 

Total No. of 

Slices 
48 – 192 

1008 – 

1452 
576 – 1700 960 – 1440 1 

ETL 1 1 1 1 1 

% Phase FOV 100 100 75 / 80 100 100 

% Sampling 100 100 100 100 100 

NEX See below 1 1 1 2 

b-values (
𝒔

𝒎𝒎𝟐) 

(NEX) 

0(1), 150(1), 

1000(1), 2000 

(2) 

1200 (1) 

(N=27 

encoding 

directions) 

N/A N/A N/A 

No. of Phases N/A N/A 36 – 60 60 N/A 

Acquisition 

Time (m:ss) 
2:48 4:50 5:08 1:30 8:36 

(EPI = Echo Planar Imaging, SE-EPI = Spin Echo Echo-Planar Imaging, GR-EPI = Gradient-Recalled 

Echo Echo-Planar Imaging, SPGR = Spoiled Gradient Recalled, TR = repetition time, TE = Echo time, TI 

= Inversion time, FA = Flip Angle, FOV = Field of View, BW = Bandwidth, ETL = Echo Train Length, 

pFOV = phase field of view, NEX = Number of Excitations averaged together to create the dataset, 

PROBE-P = Proton Brain Exam using a PRESS acquisition). *The MRS scan was not included in the 

modeling of tissue parameters. 
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4.3.3. Image Processing 

Advanced MR imaging data underwent processing to obtain quantitative 

parameters that describe tissue characteristics (Table 15-Table 17).  DWI and DTI images 

were processed voxel-by-voxel using the General Electric (GE) Advantage Workstation 

(v.4.5, GE Healthcare, Waukesha, WI). DSC and DCE images were processed using 

Nordic Image Control and Evaluation (nordicICE) (v.2.3.14, Nordic Neuro Lab, Bergen, 

Norway).  

For both DSC and DCE analysis, the vascular input function (VIF) was selected 

using nordicICE’s semi-automated voxel selection tool63. For DSC analysis, the VIF 

pixels were located in or near the middle cerebral artery (MCA), and if a usable signal 

could not be found in that location, then VIF pixels were chosen in or near the anterior 

cerebral artery (ACA). Leakage correction was applied when calculating quantitative 

maps68, but a non-corrected version of the rBV map was also generated. For DCE 

analysis, VIF pixels were chosen in the region of the MCA, with the extended Tofts 

pharmacokinetic model12, 64, 65 used to generate quantitative parameters based on a 

deconvolution technique66. 

Each patient had imaging data, including quantitative maps, from 10 types of 

imaging sequences (T1, T1C, T2, T2*, FLAIR, SWAN, DWI, DTI, DSC, DCE), 

resulting in approximately 150 MB of data per patient. However, multiple biopsy sites 

were excluded from analysis based on a lack of DCE imaging or a lack of SWAN 

imaging for specific patients.  
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Table 15: Parameters derived from DWI and DTI imaging sequence. 

Imaging Parameter Units Sequence Description 

Apparent Diffusion 

Coefficient (ADC) mm
2

/s 

Diffusion 

Weighted 

Imaging 

(DWI) 

Water molecule dispersion over 

time36, 41 

(𝐴𝐷𝐶 =
ln

𝑆1
𝑆2

𝑏2−𝑏1
) 

Exponential Apparent 

Diffusion Coefficient 

(eADC) 

Unitless DWI 
Rate of signal decay for Apparent 

Diffusion Coefficient42, 43 
(𝑒𝐴𝐷𝐶 = 𝑒−𝑏∙𝐴𝐷𝐶) 

Fractional Anisotropy 

(FA) 

Unitless 

Fraction 

(0-1) 

Diffusion 

Tensor 

Imaging 

(DTI) 

Directionality of water motion36, 46 

(𝐹𝐴 = √
3

2

√(𝜆1 − �̅�)
2
+ (𝜆2 − �̅�)

2
+ (𝜆3 − 𝜆 ̅)

2
  

√𝜆1
2 + 𝜆2

2  + 𝜆3
2  

) 

Average Diffusion 

Coefficient (Average 

DC) 
mm

2

/s DTI 

Water molecule dispersion over 

time36, 132 

(𝐴𝑣𝑔𝐷𝐶 =
𝐷𝑥𝑥+𝐷𝑦𝑦+𝐷𝑧𝑧

3
) 
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Table 16: Parameters derived from DSC imaging sequence. 

Imaging Parameter Units Description 

Relative blood 

volume (rBV) 
Arbitrary 

Relative volume of blood vessels inside 

tissue25–27, 29 

(𝐵𝑉 =
𝑘𝐻

𝜌
∙
∫ 𝐶𝑇(𝑡)𝑑𝑡

∞

0

∫ 𝐶𝐴(𝑡)𝑑𝑡
∞

0

) 

Relative blood flow 

(rBF) 
Arbitrary 

Relative rate of blood flow through 

tissue25–27, 29 

(𝐶𝑇(𝑡) =
𝜌

𝑘𝐻

∙ 𝐵𝐹 ∙ ∫𝐶𝐴(𝜏)𝑅(𝑡 − 𝜏)𝑑𝜏

𝑡

0

) 

Mean transit time 

(MTT) 
Seconds 

Time needed for blood to flow through 

tissue25–27, 29 

(𝑀𝑇𝑇 =
𝑟𝐵𝑉

𝑟𝐵𝐹
) 

Delay Seconds Time delay to peak signal deflection 

Leakage (K2) Arbitrary 

Calculated leakage from blood vessel68 

(𝐾2 =
𝑇𝑅

𝑇𝐸
∙

𝑒−
𝑇𝑅
𝑇1

1 − 𝑒−
𝑇𝑅
𝑇1

∙ 𝑅1 ∙ 𝑘 ∙ 𝑃𝑆) 
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Table 17: Parameters derived from DCE imaging sequence. 

Imaging Parameter Units Description 

𝐾𝑡𝑟𝑎𝑛𝑠 1/min 

Transfer constant from vessel to tissue space9–14 

𝐶𝑡(𝑡) =  𝐾𝑡𝑟𝑎𝑛𝑠 ∫𝐶𝑝(𝑢)

𝑡

0

𝑒
−
𝐾𝑡𝑟𝑎𝑛𝑠

𝑉𝑒
(𝑡−𝑢)

𝑑𝑢

+ 𝑣𝑝𝐶𝑝(𝑡)) 

𝑘𝑒𝑝 1/min 
Transfer constant from tissue space to vessel 

(𝑘𝑒𝑝 =
𝐾𝑡𝑟𝑎𝑛𝑠

𝑉𝑒
 )12 

𝑣𝑝 Percent 

Voxel fraction of vessel plasma space18, 19 

(𝐶𝑡(𝑡) =  𝐾𝑡𝑟𝑎𝑛𝑠 ∫𝐶𝑝(𝑢)

𝑡

0

𝑒
−
𝐾𝑡𝑟𝑎𝑛𝑠

𝑉𝑒
(𝑡−𝑢)

𝑑𝑢 + 𝑣𝑝𝐶𝑝(𝑡)) 

𝑣𝑒 Percent 

Voxel fraction of extravascular extracellular space9–

14 

𝐶𝑡(𝑡) =  𝐾𝑡𝑟𝑎𝑛𝑠 ∫𝐶𝑝(𝑢)

𝑡

0

𝑒
−
𝐾𝑡𝑟𝑎𝑛𝑠

𝑉𝑒
(𝑡−𝑢)

𝑑𝑢

+ 𝑣𝑝𝐶𝑝(𝑡)) 

Wash-in 
Arbitrary 

(slope) 

Up-slope of time-signal curve as contrast enters the 

area 

Wash-out 
Arbitrary 

(slope) 

Down-slope of time-signal curve as contrast leaves 

the area 

Time-to-Peak (TTP) Seconds Time to reach maximum signal deflection 

Area Under the Curve 

(AUC) 
Arbitrary Area under the time-signal curve 

Peak enhancement (Peak) Arbitrary Maximum value for time-signal curve 

 

4.3.4. Image Registration 

All MR imaging files were converted from DICOM to the Nifti format using tools 

from the Insight Toolkit (ITK69). Brain masks were created, refined, and applied via the 

brain extraction tool (BET70), Amira3D (v6.0, FEI, Hillsboro, OR), and MATLAB 

(Mathworks, Natick, MA), respectively. The resulting skull-stripped volumes (only brain 
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tissues included) were registered to the T2 image volumes for each patient by the open-

source program Advanced Normalization Tools (ANTs71), which first used a rigid, 6 

degrees-of-freedom (DOF), mutual-information(MI)-based registration for each image 

volume, followed by an affine, 12 DOF, MI-based registration. Note that the registration 

performance of the ANTs package was previously evaluated using fiducial landmarks 

placed in different imaging volumes133. 

DWI and DTI maps were registered to the T2 volume using the apparent diffusion 

coefficient (ADC) and average diffusion coefficient (Average DC) maps, respectively. 

DCE maps were registered using a maximum intensity projection of the original DCE 

images, while DSC volumes were registered using an averaged version of the DSC 

images. The resulting spatial transformations for these sequences were then applied to all 

maps from the same sequence.  

4.3.5. Image Normalization 

Internal intensity reference standards, specifically cerebrospinal fluid (CSF), gray 

matter (GM), and white matter (WM), were used to create a consistent intensity scale for 

image volumes that were acquired across different MR scanners on different patients. 

Two-dimensional ROIs (Figure 32) were placed in the ventricles (for CSF), the putamen 

in the lentiform nucleus (for GM), and normal-appearing white matter (NAWM) to find 

values for this process of normalization by landmarks (NLM).  
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Figure 32: ROIs inside areas of CSF (left), gray matter of the putamen (middle), and white matter of the 

centrum semiovale (right) on a FLAIR image.  

Linear scalings were then performed in which the CSF, GM, and/or WM values were 

redefined as 0 or 1 reference points for the new intensity scale (Figure 33), according to 

the equation: 

𝑦𝐶𝑆𝐹−𝑊𝑀 =
𝑥 − 𝐶𝑆𝐹

𝑊𝑀 − 𝐶𝑆𝐹
 

Equation 16: Voxel intensity normalization using landmarks (NLM). 

where y is the scaled value and x is the original value. The above equation would scale 

CSF as 0 and WM as 1, making it a CSF-WM scaling. The landmarks set as 0 or 1 could 

be changed by substituting CSF, GM, or WM values as desired.  

 
Figure 33: Conceptual diagram of normalization of intensity values from two images to a single reference 

scale based on internal intensity reference standards.  

The different scalings used for this study were: CSF-WM (applied to T1, FLAIR, 

and SWAN), WM-CSF (applied to T2 and T2*), and CSF-GM (applied to T1C). Note 

that such a normalization method is similar to work that was previously described in the 

literature72. DWI, DTI, DSC, and DCE parameters were not normalized but were used as 

provided by the various software package tools.  
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4.3.6. Biopsy Sites – Selection, Pathology Analysis, and VOI Extraction of 

Imaging Values 

Up to 5 separate biopsy targets per patient were specified based on 

neuroradiological and surgical assessments of the anatomic imaging or areas of relatively 

high rBV, high 𝐾𝑡𝑟𝑎𝑛𝑠, and/or low ADC. Sampling of these targets was planned using 

BrainLab’s iPlan system (Brainlab AG, Feldkirchen, Germany), then performed during 

the patient’s craniotomy procedure under stereotactic guidance using cranial 

neuronavigation software (Brainlab AG, Feldkirchen, Germany). Biopsy locations were 

recorded via screen capture and/or coordinates. All patient heads were stabilized using 

the MAYFIELD skull clamp (Integra LifeSciences Corp., Plainsboro, NJ).  

  
Figure 34: Biopsy tissue stained with routine Hematoxylin-Eosin (H&E) (left). Immunostains for Ki67 

(middle) and ERG (right) with brown color caused by specific antibody interactions with these 

transcription factors.  

Biopsy samples were sectioned at 4 μm thickness, then underwent hematoxylin 

and eosin (H&E) staining for WHO Grade, and immunohistochemical (IHC) staining for 

cell proliferation (Ki67) and vascularity (ERG) (Figure 34). Assessments for WHO grade 

were provided by a board-certified neuropathologist with 24 years’ experience, who was 

blinded to imaging and IHC data. Ki67 staining was performed using the monoclonal 

MIB1 antibody (Dako Denmark A/S, Glostrup, Denmark) at 1:100 dilution following 

enzymatic pretreatment. Poly-horseradish peroxidase (HRP) anti-mouse/anti-rabbit IgG 

was then applied, followed by Diaminobenzidine (DAB) as a chromagen and 
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hematoxylin as a nuclear counterstain. ERG staining was performed using the 

monoclonal 9FY antibody (Biocare Medical, Concord, CA) at 1:30 dilution following 

enzymatic pretreatment. Poly-HRP anti-mouse/anti-rabbit IgG was then applied, followed 

by DAB as a chromagen and hematoxylin as a nuclear counterstain. 

All immunostained slides were scanned at 20X magnification using the Aperio 

ScanScope AT2 scanner (Leica Biosystems, Inc., Buffalo Grove IL).  Ki67 positive 

nuclei in whole tissue sections were then quantitatively assessed by automated image 

analysis using Aperio ImageScope software (Leica Biosystems, Inc., Buffalo Grove IL). 

The Genie nuclear v9.1 algorithm was used to create a custom-made classifier that was 

run on all slides to detect the percent positive nuclear staining of Ki67 for each case.  

This same nuclear classifier was then used on ERG slides to detect percent 

positive nuclear staining for that marker. To measure the positive staining of the area in 

ERG, Aperio’s Color Deconvolution v9 algorithm was used with the markup image set to 

quantitate intensity ranges.  This custom area classifier was then run on all ERG slides to 

detect the percent positive area staining for each case. Cellular Density (CD) was 

calculated from the Total Nuclei and Stained Area quantities reported in ERG results.  

Tumor status (tumor presence or absence) was derived from Ki67 values and the 

WHO Grade (Table 18), with the former taking precedence over the latter if the two 

values were in conflict. 
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Table 18: Tissue Assessment Parameters. 

Tissue Parameter Units Description 

World Health Organization 

(WHO) Grade 
N/A 

Holistic assessment of 

malignancy (I-IV) based on 

tissue features 

Tumor Status N/A 

Presence (1) or absence (0) of 

tumor at a VOI location 

(Ki67 > 0.2 %, or WHO Grade 

> 0) 

Ki67 
% Positive 

Nuclei 
Cellular proliferation marker 

Erythroblast Transformation 

Specific (ETS)-related gene 

(ERG) 

% Positive Area Vascularity marker 

Cell Density (CD) 
𝑁𝑢𝑐𝑙𝑒𝑖

𝑚𝑚2
 

Number of cellular nuclei per 

unit area 

 

Spherical, five (5) mm-diameter volumes of interest (VOIs) were used to extract 

values from the imaging volumes at biopsy site locations from the surgery (Figure 35, top 

row). To balance these samples of abnormal tumor information with normal brain 

information, virtual, imputed “biopsies” in the contralateral hemisphere, one for each real 

biopsy site, were performed in normal appearing white matter (NAWM) (Figure 35, 

bottom row). These contralateral point (CP) sites usually, but not always, possessed 

different VOI mean values relative to the biopsy sites (Figure 35, left). 
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Figure 35: Three-plane views (axial, coronal and sagittal) of VOIs at a single biopsy site inside a tumor 

(red, top row) and in the contralateral hemisphere (green, bottom row) in normal appearing white-matter 

(NAWM) on a T2 image. The overall brain histogram and VOI means are shown on the histogram at left, 

using the same color coding.  

VOIs for both biopsy and CP sites were propagated through all 25 anatomic 

imaging and quantitative parameter volumes (Figure 36). The mean value of the VOI was 

used as the statistically independent measurement from each volume, meaning each 

biopsy or CP site had 25 imaging values associated with it, one for each imaging 

parameter. Prior to statistical modeling, VOI mean values for each imaging parameter 

were standardized by subtracting the mean and dividing by the standard deviation (Z-

score procedure) for that parameter, with both biopsy and CP sites included in this 

standardization process. Descriptive statistics of VOI values were then plotted as 

boxplots. 

 
Figure 36: A single biopsy site VOI propagated through multiple image volumes. 
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Histological values for the WM tissue at normal brain CP sites were taken or 

derived from the literature. Ki67 was assumed to be completely absent in normal brain 

samples134–137, while normal brain ERG values were imputed with a mean and standard 

deviation (0.199 ± 0.114 % Positive Area)138. Cell density for NAWM was derived by 

dividing WM cell count (21.17 ± 2.88 billion cells for half of the brain’s WM139) by WM 

volume (0.42 ± 0.06 dm3 for the entire brain’s WM140): 

𝐶𝐷𝑁𝐴𝑊𝑀 =
𝑊𝑀 𝑁𝑢𝑐𝑙𝑒𝑖

𝑊𝑀 𝑉𝑜𝑙𝑢𝑚𝑒
=

(21.17 ± 2.88)x109 𝑛𝑢𝑐𝑙𝑒𝑖 

0.42 ± .06
2

𝑑𝑚3

=
(21.17 ± 2.88)x109 𝑛𝑢𝑐𝑙𝑒𝑖

0.21 ± .03 ∙ 𝑑𝑚 ∙ 𝑑𝑚 ∙ 𝑑𝑚 ∙ 100
𝑚𝑚
𝑑𝑚

∙ 100
𝑚𝑚
𝑑𝑚

∙ 1𝑥105 𝜇𝑚
𝑑𝑚

 
∙
4𝜇𝑚

4𝜇𝑚

=
(84.68 ± 11.52)x109 𝑛𝑢𝑐𝑙𝑒𝑖

(2.1 ± 0.3)x108 ∙ 𝑚𝑚2 ∙ 4𝜇𝑚 
= 403.238 ± 79.5468

𝑛𝑢𝑐𝑙𝑒𝑖

𝑚𝑚2 ∙ 4𝜇𝑚

≈ 403 ± 80
𝑛𝑢𝑐𝑙𝑒𝑖

𝑚𝑚2
 

Equation 17: Calculation of cellular density in normal-appearing white matter. 

When calculating CD values for each virtual, imputed “biopsy,” the standard 

deviations for these quantities, which were cited in the same papers, were also used in the 

calculations.  

4.3.7. Variable Reduction for Tumor Status, Ki67, ERG, and CD Modeling 

Logistic regression and random forests141 (RFT) were both used to model the 

tumor status of VOIs at biopsy sites and normal brain CP sites (Figure 37). To determine 

the inputs to these models, a Wilcoxon Rank Sum Test (WRST) was used on training set 

data (n=34 biopsy sites + 34 CP sites) to calculate P-values for each imaging parameter 

with respect to how well it differentiated tumor from normal tissue (𝐻0: 𝑉𝑂𝐼𝑇𝑢𝑚𝑜𝑟 =

𝑉𝑂𝐼𝑁𝑜𝑟𝑚𝑎𝑙). The Bonferroni threshold142 for 25 parameters (P=.05/25 = .002) was then 
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applied, and only imaging parameters whose P-values met this threshold were used as 

inputs. A similar procedure for univariate logistic regression was then performed, in 

which each imaging parameter was individually fitted to the tumor status of data from the 

training set, and the P-values for the beta coefficients (𝐻0: 𝐵 = 0) were screened by the 

Bonferroni threshold to see which imaging parameters should be used.  

 
Figure 37: Flowchart of data from patient to imaging/surgery to modeling of tumor status, Ki67, ERG, and 

CD. 

Similarly, linear regression and RFT were used to model the relationship of 

imaging parameters with continuous, quantitative Ki67 values. To determine inputs to 

these models, a univariate linear regression testing process was performed, in which each 

imaging parameter was individually fitted to quantitative Ki67 values from the training 

set data (n=34 biopsy sites + 34 CP sites). The resulting P-values (𝐻0: 𝐵 = 0) were then 
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screened by the Bonferroni threshold, and imaging parameters whose P-values met this 

threshold formed a set of inputs for later use. Univariate linear regression tests with 

Bonferroni screening were also done for ERG and CD values in the same manner to 

select for significant imaging parameters. 

Additionally, a principal components analysis (PCA)143, 144 with Varimax rotation 

was performed on training set data using IBM SPSS Statistics for Windows (v23.0, 2015, 

IBM Corp, Armonk, NY).  The appropriate number of components or factors was 

determined by using the criteria of eigenvalues > 1, and also by evaluating the scree plot 

for its point of inflection. These methods suggested that acceptable simplifications of the 

data could use six (6Fac) or four (4Fac) factors, which explained ~82% or ~72% of the 

variance, respectively. The rotated matrices of coefficients for these factors were then 

used to generate values for each biopsy and CP site, so that these factor values could 

themselves serve as inputs. Also, the most important imaging parameters from each 

factor were identified so that a 6 imaging parameter (6IP) set (FLAIR, SWAN, ADC, 

rBF, 𝐾𝑡𝑟𝑎𝑛𝑠, and peak enhancement) and a 4 imaging parameter (4IP) set (SWAN, 

Average DC, rBF, and 𝐾𝑡𝑟𝑎𝑛𝑠) could be used as additional, yet parsimonious, input sets 

to the models. 
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 Table 19: All eighteen (18) possible combinations of two (2) models and nine (9) inputs. 

 
Regression Model 

(Regr) 

Random Forests 

(RFT) Model 

Wilcoxon Rank Sum Test 

(WRST) WRST + Regression WRST + RFT 

Univariate Ki67 (UniKi67) UniKi67 + Regression UniKi67 + RFT 

Univariate ERG (UniERG) UniERG + Regression UniERG + RFT 

Univariate CD (UniCD) UniCD + Regression UniCD + RFT 

Univariate Tumor (UniTmr) UniTmr + Regression UniTmr + RFT 

6 Factors (6Fac) 6 Fac + Regression 6 Fac + RFT 

4 Factors (4Fac) 4 Fac + Regression 4 Fac + RFT 

6 Imaging Parameters (6IP) 6 IP + Regression 6 IP + RFT 

4 Imaging Parameters (4IP) 4 IP + Regression 4 IP + RFT 
 

All eighteen (18) possible combinations of inputs and models are shown in Table 

19. Results from all these experiments are included below for completeness and 

comparisons. When analyzing predictions for each tissue parameter, however, attention 

was focused on results using the culled inputs for that specific parameter. For example, 

when analyzing Ki67 predictions, the most attention was paid to the UniKi67/Regression 

and UniKi67/RFT results, since the UniKi67 set of imaging parameters was specifically 

optimized for predicting Ki67 values. The 6Fac, 3Fac, 6IP, and 3IP inputs were also more 

closely analyzed, given that they were not specially tuned to model any single tissue 

parameter. Similarly, when analyzing tumor status predictions, WRST and UniTmr 

inputs were of most interest, with the 6Fac, 4Fac, 6IP, and 4IP inputs also worth 

consideration, and remaining inputs included in the results for completeness.  

Logistic and linear regression were performed using MATLAB, while random 

forests was implemented using the Random Forests package145 for the statistical program 

R146. 
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4.3.8. Statistical Analysis: Modeling of Image Features to Detect Tumor 

For categorical predictions of tumor presence/absence, the cross-validation 

analysis used 57 biopsy sites and 57 CP sites from 25 patients, with the data randomly 

divided into 80% training (n=46 biopsy sites + 46 CP sites) and 20% testing (n=11 biopsy 

sites + 11 CP sites) for ten iterations. A single iteration, out-of-sample testing was also 

performed, in which the training set was 34 biopsy sites and 34 CP sites from 13 patients, 

and the test set was 23 biopsy sites and 23 CP sites from 12 patients. 

The very first, initial out-of-sample testing was performed before the tumor status 

of biopsy sites from the test set was known. At the time that this validation set analysis 

was performed, the DSC parameters were being re-scaled using the NLM method, and 

PCA simplification therefore resulted in 6 and 3 components, as based on the scree plot’s 

points of inflection, with corresponding inputs sets of 6 and 3 imaging parameters.  

Performance was assessed using the AUC for the receiver operating characteristic 

(ROC) curve, with 95% confidence intervals (CI) calculated using 1000 bootstrap 

samples and the bias-corrected and accelerated method147. These AUC values and 

confidence intervals were calculated using MATLAB’s “perfcurve” function. Sensitivity, 

specificity, positive predictive values (PPV), negative predictive values (NPV), and the 

correct rate were calculated using MATLAB’s “classperf” function. 

The absence of SWAN imaging values did prevent the use of particular inputs 

(6Fac, 4Fac, 6IP, 4IP) for making predictions on specific biopsy and CP sites that lacked 

such information, thus reducing the number of predictions used in calculating AUC 

values for those experiments. Note that this problem was avoided for Ki67, ERG, and CD 
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experiments through pairwise exclusion of such sites when modeling those tissue 

parameters (Figure 38). For tumor status, however, such sites were included because 

missing values did not prevent the random forest algorithm from running a categorical 

prediction task. Listwise exclusion of sites occurred for missing DCE parameter values, 

unusable VOI placements, and missing histological values due to a lack of analyzable 

tissue. Note that when a biopsy site was discarded, its corresponding CP site was also 

discarded. 



 89 
 

 

 
Figure 38: Flowchart of biopsy sites that constitute available data for modeling of tumor status and 

quantitative variables. 

 

4.3.9. Statistical Analysis: Modeling of Image Features to Predict Ki67 Values 

For quantitative predictions of Ki67 values, in-sample testing was performed in 

which the training set was 50 biopsy sites and 50 CP sites from 23 patients, and the test 

set was the 50 biopsy sites previously used for training. Out-of-sample testing was also 

performed in which the training set was 29 biopsy sites and 29 CP sites from 12 patients, 

and the test set was 21 biopsy sites from 11 patients that had not previously been used for 

training. Biopsy sites were excluded pairwise for modeling particular outcome variables, 

as based on missing imaging and/or histological values. 

Predicted values were plotted against actual values, and GraphPad Prism (v6.07, 

2015, GraphPad Software, La Jolla, CA) was used to test if the slopes of the resulting 
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best-fit lines were significantly (P < .05) different from zero. Pearson’s correlation 

coefficient was also calculated between predicted and actual values using MATLAB’s 

“corr” function, with P < .05 denoting significance. 

4.3.10. Statistical Analysis: Modeling of Image Features to Predict ERG Values 

For quantitative predictions of ERG values, both in-sample and out-of-sample 

testing were performed in the manner described for Ki67.   

4.3.11. Statistical Analysis: Modeling of Image Features to Predict CD Values 

For quantitative predictions of CD values, both in-sample and out-of-sample 

testing were performed in the manner described for Ki67.  

4.4. Results 

4.4.1. Patients 

From Jan. 2013 to May 2016, thirty-one (31) patients were recruited for 

participation in this study, with five (5) patients being no harvest situations in the 

operating room, meaning no tissue was collected for the protocol and only twenty-six (26 

patients) had usable tissue data (Table 20). Reasons for no harvest situations included 

difficult surgical cases that precluded the collection of tissue (n=3), cardiac rhythmic 

abnormalities that caused re-scheduling of surgery (n=1), and technical difficulties with 

the skull clamp device (n=1). 
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Table 20: Patient demographic information. 

N 26 patients 

Age (Mean, Range) 45.1 ± 16.6 years; range 21-80 

Gender 
16 females (42.9 ± 15.4 years; range 21-75) 

10 males (48.5 ± 18.9 years; range 28-80) 

Ethnicity 

(White/Black/Hispanic/Asian) 
20/2/4/0 

Clinical WHO Grade 

(I/II/III/IV) 
0/9/9/8 

Biopsy Samples/Patient 2.46 ± 0.65 

Total No. of Biopsy Samples 64 

 

4.4.2. Image Sequences, Processing, Registration, and Normalization 

Anatomic (T1, T2C, T2, T2*, SWAN, FLAIR), diffusion (DWI, DTI), perfusion 

(DSC), and permeability (DCE) images were successfully acquired for most of 31 

patients. Exceptions included SWAN imaging (n=29), and DCE imaging (n=30). 

Quantitative parameter maps were successfully generated for all patients with DCE, 

DSC, DWI, and DTI images. All anatomic images and parameter maps were successfully 

registered, re-sampled, or spatially transformed to share the same coordinate system with 

the T2 volume for each patient. 

The NLM method was applied to T1, T1C, T2, T2*, FLAIR, and SWAN images, 

with visible effects on histogram scaling (Figure 39), and corresponding changes to the 

standard deviations of the histogram means (Table 21).  The appropriate NLM scaling 

denominator, calculated using average values for CSF/GM/WM regions, was used to 

convert raw standard deviation values to the same scale as the NLM values.  



 92 
 

 

 
Figure 39: Image histograms (n=31, except for SWAN where n=29) both before (left) and after (right) the 

NLM scaling procedure. Image histograms shown include those of T1 (top-left), T1C (top-right), T2 

(middle-left), T2* (middle-right), FLAIR (bottom-left), and SWAN (bottom-right). 

 

Table 21: Standard deviation of means for histograms of anatomic MR imaging sequences (n=31, except 

for SWAN where n=29). SD values for raw histograms have been normalized using the appropriate NLM 

scaling denominator for that image sequence.  Note the reduction in data spread induced by the 

normalization procedure, allowing noise related to non-biological causes to be minimized. 

 Raw NLM 

T1 

(CSF-WM) 
0.3393 0.1544 

T1C 

(CSF-GM) 
0.6950 0.2473 

T2 

(WM-CSF) 
0.0888 0.0616 

T2* 

(WM-CSF) 
0.3342 0.1580 

FLAIR 

(CSF-WM) 
0.2306 0.1236 

SWAN 

(CSF-WM) 
0.9309 0.6003 

 

4.4.3. Biopsy Sites – Selection, Pathology Analysis, and VOI Extraction of 

Imaging Values 

Recruited patients possessed a variety of clinical WHO grades (post-resection, 

based on the whole tumor) and tissue types (Table 22). A total of 64 biopsy sites in 26 
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patients were sampled (Table 23), with two tissue samples being completely unusable 

due to an inability to detect enough material for parameter quantitation using automated 

image analysis. A number of biopsy samples were graded as between II/III, due to the 

pathologist’s assessment that their malignancy exceeded that of other grade II samples, 

which has some precedence in the literature148. Imaging values were obtained by 

propagating 64 biopsy site VOIs and 64 CP site VOIs through the appropriate image 

volumes (Figure 40), with the resulting VOI means showing differences between tumor 

and normal brain values after a Z-score standardization procedure (Figure 41). Boxplots 

of these standardized imaging parameters were also created for the conventional (Figure 

42), diffusion (Figure 43), perfusion (Figure 44), and permeability (Figure 45) sequences.  
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Table 22: Clinical, final WHO grades and tissue types for brain tumors of study patients. 

Patient Tumor Type 
WHO 

Grade 
Age Gender 

No. 

Biopsies 

1 Diffuse Glioma II 36 F 2 

2 Anaplastic Diffuse Glioma III 25 F 3 

3 
Anaplastic Diffuse Mixed 

OA 
III 21 F 4 

4 GBM IV 26 F 3 

5 Diffuse Astrocytoma II 75 F 2 

6 Diffuse Glioma II 56 F 3 

7 GBM IV 54 F 3 

8 Anaplastic Astrocytoma III 45 M 3 

9* Diffuse Astrocytoma II 51 M 0 

10 OD II 29 F 3 

11* GBM IV 60 M 0 

12* Anaplastic OA III 47 M 0 

13 OD II 28 M 2 

14 Anaplastic Mixed OA III 30 F 3 

15 GBM IV 62 M 3 

16 GBM IV 80 M 3 

17 Anaplastic Astrocytoma III 44 M 3 

18* Mixed OA II 34 F 0 

19 OD II 55 F 2 

20* GBM IV 54 F 0 

21 GBM IV 67 M 2 

22 OD II 58 F 1 

23 OD III 32 M 2 

24 Diffuse Astrocytoma, GBM IV 66 M 2 

25 Anaplastic OD III 41 F 2 

26 Diffuse Astrocytoma, GBM IV 58 F 2 

27 OD II 35 F 2 

28 GBM IV 49 F 2 

29 Anaplastic Astrocytoma III 32 M 3 

30 Anaplastic Astrocytoma III 29 M 2 

31 Diffuse Astrocytoma II 39 F 2 
GBM = Glioblastoma, OA = Oligoastrocytoma, OD = Oligodendroglioma, * = No Harvest 
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Table 23: Ki67, ERG, and CD values for biopsy samples, as stratified by WHO grade. 

WHO Grade 

No. 

Samples 

(n=64) 

Ki67 

(% Pos. 

Nuclei) 

ERG 

(% Pos. 

Area) 

Cell Density 

(𝑵𝒖𝒄𝒍𝒆𝒊/
𝒎𝒎𝟐) 

Unusable Ki67, 

ERG, CD 
2 N/A N/A N/A 

Normal 9 1.79 ± 1.68 1.75 ± 1.26 2472 ± 1697 

II 43 4.43 ± 4.28 2.93 ± 1.57 5882 ± 2706 

II/III 3 9.86 ± 2.63 3.09 ± 1.81 6085 ± 2022 

III 2 16.44 ± 12.37 3.21 ± 0.43 8609 ± 8521 

IV 5 25.65 ± 16.18 4.80 ± 1.65 
11,547 ± 

4,252 

 

 

 

Figure 40: Three-plane views (axial, coronal, sagittal) of all biopsy sites (red, n=64) and CP sites (green, 

n=64) projected into a single idealized brain volume. Note the roughly symmetrical distribution of real and 

imputed biopsy sites, a deliberate choice to minimize variability. 
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Figure 41: Heat map of VOI means after NLM processing and Z-score standardization from biopsy sites 

(above white line, n=57) and CP sites (below white line, n=57) for each imaging parameter (n=25). The 

color scale bar is unitless. 

 

 
Figure 42: Tumor vs normal tissue boxplots for conventional MR imaging parameters. Includes T1 (top-

left), T1C (top-center), T2 (top-right), T2* (bottom-left), FLAIR (bottom-center), and SWAN (bottom-

right). Uses data from the combined set (n=57 biopsy sites and 57 CP sites). 
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Figure 43: Tumor vs normal tissue boxplots for diffusion MR parameters. Includes ADC (top-left), eADC 

(top-right), FA (bottom-left), and Average DC (bottom-right). Uses data from the combined set (n=57 

biopsy sites and 57 CP sites). 

 

 
Figure 44: Tumor vs normal tissue boxplots for DSC quantitative parameters. Includes leakage-corrected 

rBV (top-left), non-corrected rBV (top-center), rBF (top-right), MTT (bottom-left), Delay (bottom-center), 

and K2 (bottom-right). Uses data from the combined set (n=57 biopsy sites and 57 CP sites). 
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Figure 45: Tumor vs normal tissue boxplots for DCE quantitative parameters. Includes 𝐾𝑡𝑟𝑎𝑛𝑠  (top-left), 

𝑘𝑒𝑝  (top-center), 𝑣𝑝 (top-right), 𝑣𝑒 (middle-left), wash-in (middle-center), wash-out (middle-right), TTP 

(bottom-left), AUC (bottom-center), and Peak (bottom-right). Uses data from the combined set (n=57 

biopsy sites and 57 CP sites). 

 

4.4.4. Variable Reduction for Tumor, Ki67, ERG, and CD Modeling  

P-values from the Wilcoxon rank sum test for tumor status (Table 24, Figure 46), 

as well as from the univariate regression tests for tumor status (Table 25), Ki67 (Table 

26), ERG (Table 27), and CD (Table 28), were used to rank imaging parameters 

according to their ability to model those tissue parameters. Applying a Bonferroni 

threshold helped select the most significant imaging parameters for each case: WRST (13 

parameters), UniTmr (9 parameters), UniKi67 (11 parameters), UniERG (12 parameters), 

and UniCD (11 parameters).
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Table 24: Wilcoxon Rank Sum Test (WRST) p-values for tumor versus normal tissue based on training set 

data (n=34 biopsy sites + 34 CP sites). 

Rank Image Sequence P-value 
1 T2 8.03E-12 

2 FA 9.52E-12 

3 ADC 1.46E-11 

4 AvgDC 1.87E-10 

5 eADC 1.29E-07 

6 T1 3.46E-07 

7 Flair 1.31E-06 

8 AUC 2.88E-06 

9 Peak 2.88E-06 

10 T2star 3.65E-06 

11 Kep 8.85E-05 

12 K2 0.0003 

13 Ktrans 0.0014 

14 Vp 0.0032 

15 Ve 0.0046 

16 Wash-out 0.0252 

17 rBF 0.0597 

18 Swan 0.0773 

19 Wash-in 0.0837 

20 TTP 0.1330 

21 rBV_corrected 0.2223 

22 T1C 0.2943 

23 MTT 0.3739 

24 Delay 0.7825 

25 rBV_not_corrected 0.8015 

 

 

 
Figure 46: The negative log10 P-value of each imaging parameter (top) based on WRST results for training 

set data (n=34 biopsy sites + 34 CP sites), with VOI mean boxplots based on tumor status for the T2, 

FLAIR, SWAN, and Delay parameters (bottom, left to right). The difference of VOI means between tumor 

versus normal tissue begins to decrease as one moves from the highest to the lowest ranked parameters.  
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Table 25: Tumor univariate (UniTmr) logistic regression p-values based on training set data (n=34 biopsy 

sites + 34 CP sites). 

Rank Image Sequence P-value 

1 eADC 3.68E-05 

2 T2star 3.85E-05 

3 Peak 0.0002 

4 AUC 0.0002 

5 T1 0.0002 

6 Flair 0.0003 

7 AvgDC 0.0006 

8 T2 0.0017 

9 ADC 0.0018 

10 FA 0.0045 

11 K2 0.0173 

12 rBF 0.0217 

13 Kep 0.0239 

14 rBV_corrected 0.0355 

15 Ktrans 0.0358 

16 Wash-out 0.0391 

17 Wash-in 0.0455 

18 Vp 0.0811 

19 T1C 0.0821 

20 rBV_not_corrected 0.0851 

21 Delay 0.1546 

22 TTP 0.1944 

23 Swan 0.2315 

24 Ve 0.3680 

25 MTT 0.7127 
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Table 26: Ki67 univariate (UniKi67) linear regression p-values based on training set data (n=34 biopsy 

sites + 34 CP sites). 

Rank Image Sequence P-value 

1 AvgDC 2.78E-13 

2 ADC 1.42E-12 

3 FA 4.15E-11 

4 T2 5.30E-11 

5 eADC 4.67E-10 

6 Peak 2.63E-06 

7 T1 2.83E-05 

8 AUC 6.49E-05 

9 Wash-out 0.0002 

10 Delay 0.0003 

11 T2star 0.0007 

12 MTT 0.0029 

13 Ktrans 0.0056 

14 Flair 0.0095 

15 Wash-in 0.0139 

16 Kep 0.0223 

17 Ve 0.0807 

18 T1C 0.0902 

19 rBV_not_corrected 0.2297 

20 Swan 0.2598 

21 Vp 0.3771 

22 K2 0.4154 

23 rBF 0.5124 

24 rBV_corrected 0.5561 

25 TTP 0.6952 
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Table 27: ERG univariate (UniERG) linear regression p-values based on training set data (n=34 biopsy 

sites + 34 CP sites). 

Rank Image Sequence P-value 

1 T2 1.26E-10 

2 FA 3.06E-10 

3 Peak 4.80E-09 

4 AUC 1.18E-08 

5 ADC 3.48E-08 

6 AvgDC 1.42E-07 

7 T1 2.21E-06 

8 eADC 2.61E-05 

9 T2star 5.33E-05 

10 K2 0.0005 

11 Ktrans 0.0008 

12 Flair 0.0008 

13 Kep 0.0020 

14 Wash-in 0.0027 

15 Wash-out 0.0041 

16 T1C 0.0194 

17 Vp 0.0224 

18 rBF 0.0460 

19 rBV_corrected 0.0500 

20 Ve 0.0695 

21 Delay 0.1568 

22 rBV_not_corrected 0.2781 

23 MTT 0.3350 

24 TTP 0.7792 

25 Swan 0.8723 
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Table 28: CD univariate (UniCD) linear regression p-values based on training set data (n=34 biopsy sites + 

34 CP sites). 

Rank Image Sequence P-value 

1 T2 8.11E-13 

2 FA 1.64E-11 

3 ADC 4.79E-10 

4 T1 5.68E-09 

5 AvgDC 6.17E-09 

6 AUC 1.88E-07 

7 Peak 7.15E-07 

8 T2star 1.68E-05 

9 K2 5.44E-05 

10 Flair 0.0001 

11 eADC 0.0002 

12 rBV_corrected 0.0022 

13 rBF 0.0036 

14 T1C 0.0055 

15 Kep 0.0086 

16 Wash-in 0.0093 

17 Ktrans 0.0123 

18 rBV_not_corrected 0.0252 

19 Vp 0.0256 

20 Wash-out 0.0346 

21 Delay 0.1535 

22 Ve 0.2346 

23 TTP 0.2517 

24 Swan 0.5367 

25 MTT 0.7803 

 

Beta coefficients for the univariate regression tests (Figure 47) showed varying 

ranges for coefficient values, depending on the tissue parameter being modeled, with CD 

modeling having the largest range and ERG modeling having the smallest. A similar 

pattern of positive/negative coefficients seemed to exist among the tests, despite different 

tissue parameters being modeled.  

On the UniERG forest plot, the T2 beta coefficient had a positive mean and a 95% 

confidence interval that did not cross zero, meaning T2 imaging values were significant 

predictors for ERG values. The SWAN beta coefficient, however, had a 95% CI that did 

cross zero, meaning SWAN values were not good predictors of ERG values because 
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attempts to link them via regression might result in no relationship at all, either positive 

or negative.  

Also, because the UniERG-SWAN beta coefficient is close to zero, it has a black-

colored entry in the heat map in Figure 48. Conversely, UniERG-T2 has a red entry, 

indicating its beta coefficient is positive, and therefore suggesting it is a better predictor 

of ERG values than SWAN. For that particular heat map, strong colors, either red or 

green, indicate a stronger relationship with the tissue parameter being modeled in that 

row. 

The P-value heat map in Figure 49 backs up these observations about UniERG-T2 

and UniERG-SWAN. The former has a strong red color, indicating it meets the 

Bonferroni threshold, and the latter has a strong green color, indicating that it does not 

meet that same threshold, and is therefore not a significant predictor of ERG that will be 

included among the imaging parameters in the UniERG input set. The imaging 

parameters that consistently met the Bonferroni threshold for these 4 univariate 

regression tests were T1, T2, T2*, ADC, eADC, Average DC, AUC, and Peak. 
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Figure 47: Forest plots for beta coefficients from univariate logistic or linear regression modeling for tumor 

status (top-left), Ki67 (top-right), ERG (bottom-left), and CD (bottom-right). 
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Figure 48: Heat map of beta coefficients from univariate regression modeling based on training set data 

(n=34 biopsy sites + 34 CP sites). 

 
Figure 49: Heat map of -log10(P-values) for univariate regression modeling (𝐻0: 𝐵 = 0).  Note that the –

log10 value for the Bonferroni threshold (-log10(.002) ≈ 2.7) is located in the middle of the colorbar scale, 

meaning all values higher than the Bonferroni threshold (red) are statistically impactful on the model, while 

black or green values are not.  

 

Principal components analysis suggested using 6 factors (Table 29) and 4 factors 

(Table 30), with simplifications to 6 imaging parameters and 4 imaging parameters, 
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respectively, based on the most important imaging components for each factor. Note that 

the scree plot (Figure 50) showed a point of inflection at component 4.  

 
Figure 50: Scree plot of principal components analysis of VOI means from set 1 (n=34 biopsy sites + 34 

CP sites). Visual inspection led to the adoption of 4 factors as inputs.  
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Table 29: SPSS Rotated Component Matrix for 6 factors. The underlined imaging parameters were used for 

the 6 Imaging Parameter (6IP) set of inputs.  The factors appear to correspond with different types of 

imaging and/or physiological information (1 – diffusion restriction and T2; 2 – perfusion; 3 – permeability; 

4 – enhancement; 5 – susceptibility; 6 – FLAIR). Note that coefficient values under 0.3 were suppressed.  

 Principal Component/Factor 

Image Sequence 1 2 3 4 5 6 

Ax_T1 -.805      

SAG_T1_+C -.603   .578   

2D_Ax_T2_STEALTH .920      

AX_T2star .688    .537  

Sag_T2_FLAIR_CUBE      .751 

Ax_3D_SWAN     .883  

ADC .943      

Exponential_ADC -.764 .305  -.335   

Fractional_Aniso -.842      

Average_DC .936      

rBV_map_.Leakage_corrected  .963     

rBV_map_.not_leakage_corrected  .950     

rBF_map_.Leakage_corrected  .970     

MTT_map_.Leakage_corrected  .840     

Delay_map_.Leakage_corrected  -.508    .578 

Leakage__K2__map  .861     

K12__Ktrans__map   .930    

K21_map   .875    

Vp__plasma_volume__map  .312 .841    

Ve__distribution_volume__map   .921    

Wash.in_map .391  .584    

Wash.out_map .370 -.344  .331 .385 -.346 

Time_to_peak_map  -.431 .449 -.416   

Area_under_curve_map .334 .373 .438 .508   

Peak_enhancement_map .610   .654   
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Table 30: SPSS Rotated Component Matrix for 4 factors. The underlined imaging parameters were used for 

the 4 Imaging Parameter (4IP) set of inputs. The factors appear to correspond with different types of 

imaging and/or physiological information (1 – diffusion and T2; 2 – perfusion; 3 – permeability; 4 – 

susceptibility). Note that coefficient values under 0.3 were suppressed. 

 Principal Component/Factor 

Image Sequence 1 2 3 4 

Ax_T1 -.733    

SAG_T1_+C -.484    

2D_Ax_T2_STEALTH .919    

AX_T2star .680   .441 

Sag_T2_FLAIR_CUBE .312  .307 .538 

Ax_3D_SWAN    .863 

ADC .936    

Exponential_ADC -.825    

Fractional_Aniso -.854    

Average_DC .941    

rBV_map_.Leakage_corrected  .950   

rBV_map_.not_leakage_corrected  .925   

rBF_map_.Leakage_corrected  .955   

MTT_map_.Leakage_corrected  .825   

Delay_map_.Leakage_corrected  -.511   

Leakage__K2__map  .892   

K12__Ktrans__map   .949  

K21_map   .898  

Vp__plasma_volume__map   .847  

Ve__distribution_volume__map   .902  

Wash.in_map .368 -.317 .548  

Wash.out_map .432 -.311   

Time_to_peak_map  -.533 .352  

Area_under_curve_map .406 .436 .507  

Peak_enhancement_map .712   -.338 

 

 

4.4.5. Statistical Analysis: Modeling to Image Features to Detect Tumor 

4.4.5.1. Tumor Status – Cross-Validation Analysis  

For cross-validation analysis, WRST/RFT (AUC = 0.9864, CI = 0.9595-0.9958) 

and UniCD/RFT (AUC = 0.9864, CI = 0.9632-0.9957) were the best performers (Table 

31-Table 32, Figure 51-Figure 52).  
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Table 31: Tumor status results for cross-validation using logistic regression modeling. 

 WRST UniKi67 UniERG UniCD UniTmr 6Fac 4Fac 6IP 4IP 

Sensitivity 0.9273 0.8636 0.9273 0.9273 0.8818 0.9130 0.9130 0.9348 0.9348 

Specificity 1.0000 0.9273 1.0000 1.0000 0.9727 0.9674 0.9565 0.9891 0.9565 

PPV 1.0000 0.9223 1.0000 1.0000 0.9700 0.9655 0.9545 0.9885 0.9556 

NPV 0.9322 0.8718 0.9322 0.9322 0.8917 0.9175 0.9167 0.9381 0.9362 

Correct 
Rate 

0.9636 0.8955 0.9636 0.9636 0.9273 0.9402 0.9348 0.9620 0.9457 

AUC 0.9636 0.8955 0.9636 0.9636 0.9273 0.9402 0.9348 0.9620 0.9457 

AUC-low 0.9320 0.8507 0.9326 0.9321 0.8884 0.9003 0.8961 0.9289 0.9016 

AUC-high 0.9853 0.9283 0.9826 0.9828 0.9549 0.9689 0.9638 0.9842 0.9730 

No. Obs. 220 220 220 220 220 184 184 184 184 

 

Table 32: Tumor status results for cross-validation using RFT modeling. 

 WRST UniKi67 UniERG UniCD UniTmr 6Fac 4Fac 6IP 4IP 

Sensitivity 0.9727 0.9636 0.9636 0.9727 0.9636 0.9457 0.9130 0.9565 0.9239 

Specificity 1.0000 1.0000 1.0000 1.0000 1.0000 0.9891 0.9783 0.9891 0.9891 

PPV 1.0000 1.0000 1.0000 1.0000 1.0000 0.9886 0.9767 0.9888 0.9884 

NPV 0.9735 0.9649 0.9649 0.9735 0.9649 0.9479 0.9184 0.9579 0.9286 

Correct 
Rate 

0.9864 0.9818 0.9818 0.9864 0.9818 0.9674 0.9457 0.9728 0.9565 

AUC 0.9864 0.9818 0.9818 0.9864 0.9818 0.9674 0.9457 0.9728 0.9565 

AUC-low 0.9595 0.9584 0.9577 0.9632 0.9556 0.9325 0.9052 0.9374 0.9194 

AUC-high 0.9958 0.9954 0.9953 0.9957 0.9953 0.9886 0.9713 0.9897 0.9833 

No. Obs. 220 220 220 220 220 184 184 184 184 

 

 
Figure 51: Tumor status ROC curves for cross-validation using logistic regression modeling. 
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Figure 52: Tumor status ROC curves for cross-validation using RFT modeling. 

 

4.4.5.2. Tumor Status – Single Round Out-of-Sample Testing 

For single-iteration, out-of-sample testing, WRST/RFT (AUC = 0.9800, CI = 

0.8810-1), UniTmr/RFT (AUC = 0.9800, CI = 0.8917-1), and UniTmr/Regression (AUC 

= 0.9800, CI = 0.8864-1) were the best performers, each with similarly high AUC values 

(Table 33-Table 34, Figure 53-Figure 54).  
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Table 33: Tumor status results for out-of-sample testing using logistic regression modeling. 

 WRST UniKi67 UniERG UniCD UniTmr 6Fac 4Fac 6IP 4IP 

Sensitivity 0.9048 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 

Specificity 0.9200 0.9600 0.9200 0.9200 0.9600 0.9130 0.9130 0.9565 0.9565 

PPV 0.9048 0.9545 0.9130 0.9130 0.9545 0.9048 0.9048 0.9500 0.9500 

NPV 0.9200 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 

Correct 
Rate 

0.9130 0.9783 0.9565 0.9565 0.9783 0.9524 0.9524 0.9762 0.9762 

AUC 0.9124 0.9800 0.9600 0.9600 0.9800 0.9565 0.9565 0.9783 0.9783 

AUC-low 0.7791 0.8846 0.8676 0.8712 0.8864 0.8444 0.8657 0.8831 0.8730 

AUC-high 0.9737 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 

No. Obs. 46 46 46 46 46 42 42 42 42 

 
Table 34: Tumor status results for out-of-sample testing using RFT modeling. 

 WRST UniKi67 UniERG UniCD UniTmr 6Fac 4Fac 6IP 4IP 

Sensitivity 1.0000 1.0000 1.0000 1.0000 1.0000 0.9474 1.0000 1.0000 1.0000 

Specificity 0.9600 0.9200 0.9200 0.9200 0.9600 0.9565 0.9565 0.9565 0.9565 

PPV 0.9545 0.9130 0.9130 0.9130 0.9545 0.9474 0.9500 0.9500 0.9500 

NPV 1.0000 1.0000 1.0000 1.0000 1.0000 0.9565 1.0000 1.0000 1.0000 

Correct 
Rate 

0.9783 0.9565 0.9565 0.9565 0.9783 0.9524 0.9762 0.9762 0.9762 

AUC 0.9800 0.9600 0.9600 0.9600 0.9800 0.9519 0.9783 0.9783 0.9783 

AUC-low 0.8810 0.8679 0.8750 0.8664 0.8917 0.8512 0.8889 0.9000 0.8668 

AUC-high 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 

No. Obs. 46 46 46 46 46 42 42 42 42 

 
 

 
Figure 53: Tumor status ROC curves for out-of-sample testing using logistic regression modeling. 



 113 
 

 

 

Figure 54: Tumor status ROC curves for out-of-sample testing using RFT modeling. 

 

4.4.5.3. Tumor Status – Validation Set Testing 

For validation set testing, 3Fac/RFT (AUC = 0.9785, CI = 0.9609-9836) was the 

top performer, although WRST/RFT (AUC = 0.9604, CI = 0.8643-0.9818) also 

performed well (Table 35-Table 36, Figure 55-Figure 56). 

Table 35: Tumor status results for validation set testing using logistic regression modeling. 

 WRST UniKi67 UniERG UniCD UniTmr 6Fac 3Fac 6IP 3IP 

Sensitivity 0.8500 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 0.8333 1.0000 

Specificity 0.9583 0.9583 0.9583 0.9583 0.9583 0.9091 0.9091 0.9545 0.9545 

PPV 0.9444 0.9524 0.9524 0.9524 0.9524 0.9000 0.9000 0.9375 0.9474 

NPV 0.8846 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 0.8750 1.0000 

Correct 
Rate 

0.9091 0.9773 0.9773 0.9773 0.9773 0.9500 0.9500 0.9000 0.9750 

AUC 0.9302 0.9604 0.9604 0.9604 0.9604 0.9356 0.9356 0.9230 0.9571 

AUC-low 0.8716 0.8491 0.8863 0.8635 0.8743 0.8413 0.8250 0.8546 0.8618 

AUC-high 1.0000 0.9811 0.9818 0.9818 0.9818 0.9785 0.9785 1.0000 0.9805 

No. Obs. 44 44 44 44 44 40 40 40 40 
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Table 36: Tumor status results for validation set testing using RFT modeling. 

 WRST UniKi67 UniERG UniCD UniTmr 6Fac 3Fac 6IP 3IP 

Sensitivity 1.0000 1.0000 1.0000 1.0000 1.0000 0.9444 0.9444 1.0000 1.0000 

Specificity 0.9583 0.9583 0.9583 0.9583 0.9583 0.9091 0.9545 0.9545 0.9545 

PPV 0.9524 0.9524 0.9524 0.9524 0.9524 0.8947 0.9444 0.9474 0.9474 

NPV 1.0000 1.0000 1.0000 1.0000 1.0000 0.9524 0.9545 1.0000 1.0000 

Correct 
Rate 

0.9773 0.9773 0.9773 0.9773 0.9773 0.9250 0.9500 0.9750 0.9750 

AUC 0.9604 0.9604 0.9604 0.9604 0.9604 0.9571 0.9785 0.9571 0.9571 

AUC-low 0.8643 0.8594 0.8773 0.8701 0.8646 0.9356 0.9609 0.8521 0.8074 

AUC-high 0.9818 0.9818 0.9818 0.9818 0.9818 1.0000 0.9836 0.9805 0.9805 

No. Obs. 44 44 44 44 44 40 40 40 40 

 

 
Figure 55: Tumor status ROC curves for validation set testing using logistic regression modeling. 

 

 
Figure 56: Tumor status ROC curves for validation set testing using RFT modeling. 
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4.4.6. Statistical Analysis: Modeling of Image Features to Predict Ki67 

4.4.6.1. Ki67 – In-Sample Testing 

Both UniKi67/Regression (r = .61, P < .0001) and UniKi67/RFT (r = .92, P < 

.0001) possessed statistically significant correlation coefficients (Table 37, Figure 57). 

Table 37: Ki67 in-sample testing results. 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 57: Predicted versus actual Ki67 values for in-sample testing, using linear regression (top) and RFT 

(bottom) techniques. 

 
UniKi67/ 

Regr 

UniKi67/ 

RFT 

F (Slope) 28.29 276.6 

P-value 

(Slope) 
< 0.0001 < 0.0001 

r 0.61 0.92 

P-Value 

(r) 
2.70E-06 1.48E-21 

No. Obs. 50 50 
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4.4.6.2. Ki67 – Out-of-Sample Testing 

Both UniKi67/Regression (r = -.11, P = .6440) and UniKi67/RFT (r = -.14, P = 

.5541) did not produce statistically significant correlations (Table 38, Figure 58).  

 Table 38: Ki67 out-of-sample testing results. 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 58: Predicted versus actual Ki67 values for out-of-sample testing, using linear regression (top) and 

RFT (bottom) techniques. 

 
UniKi67/ 

Regr 

UniKi67/ 

RFT 

F (Slope) 0.2206 0.3627 

P-value 

(Slope) 
0.6440 0.5541 

r -0.11 -0.14 

P-Value 

(r) 
0.6440 0.5541 

No. Obs. 21 21 



 117 
 

 

4.4.7. Statistical Analysis: Modeling of Image Features to Predict ERG Values 

4.4.7.1. ERG – In-Sample Testing  

Both UniERG/Regression (r = .56, P < .0001) and UniERG/RFT (r = .96, P < 

.0001) possessed statistically significant correlation coefficients (Table 39, Figure 59). 

Table 39: ERG in-sample testing results. 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 59: Predicted versus actual ERG values for in-sample testing, using linear regression (top) and RFT 

(bottom) techniques. 

  

 
UniERG/ 

Regr 

UniERG/ 

RFT 

F (Slope) 22.36 606.3 

P-value 

(Slope) 
< 0.0001 < 0.0001 

r 0.56 0.96 

P-Value 

(r) 
2.02E-05 7.03E-29 

No. Obs. 50 50 
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4.4.7.2. ERG – Out-of-Sample Testing 

Both UniERG/Regression (r = .49, P = .0229) and UniERG/RFT (r = .51, P = 

.0177) possessed statistically significant correlations (Table 40, Figure 60). 

 Table 40: ERG out-of-sample testing results. 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 60: Predicted versus actual ERG values for out-of-sample testing, using linear regression (top) and 

RFT (bottom) techniques. 

 
UniERG/ 

Regr 

UniERG/ 

RFT 

F (Slope) 6.123 6.749 

P-value 

(Slope) 
0.0229 0.0177 

r 0.49 0.51 

P-Value 

(r) 
0.0229 0.0177 

No. Obs. 21 21 
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4.4.8. Statistical Analysis: Modeling of Image Features to Predict CD Values 

4.4.8.1. CD – In-Sample Testing  

Both UniCD/Regression (r = .64, P < .0001) and UniCD/RFT (r = .96, P < .0001) 

possessed statistically significant correlation coefficients (Table 41, Figure 61). 

Table 41: CD in-sample testing results. 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 61: Predicted versus actual CD values for in-sample testing, using linear regression (top) and RFT 

(bottom) techniques. 

 

 
UniCD/ 

Regr 

UniCD/ 

RFT 

F (Slope) 33.82 517.1 

P-value 

(Slope) 
< 0.0001 < 0.0001 

r 0.64 0.96 

P-Value (r) 4.79E-07 2.38E-27 

No. Obs. 50 50 
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4.4.8.2. CD – Out-of-Sample Testing 

Both UniCD/Regression (r = .45, P = .0394) and UniCD/RFT (r = .46, P = .0337) 

produced statistically significant correlations (Table 42, Figure 62).  

Table 42: CD out-of-sample testing results. 

 

 

 

 

 

 

 

 

 
Figure 62: Predicted versus actual CD values for out-of-sample testing, using linear regression (top) and 

RFT (bottom) techniques. 

 

 

 
UniCD/ 

Regr 

UniCD/ 

RFT 

F (Slope) 4.892 5.240 

P-value 

(Slope) 
0.0394 0.0337 

r 0.45 0.46 

P-Value 

(r) 
0.0394 0.0337 

No. Obs. 21 21 
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4.5. Discussion 

We built a series of models using imaging inputs to predict pathological 

characteristics of brain biopsies.  We found that we could successfully predict Tumor/No 

tumor (AUC 0.9800, CI 0.8810-1), ERG values (r = .51, P = .0177) and cellular density 

values (r = .46, P = .0337), but not Ki67 values (r = -.14, P = .5541), at the patient and 

biopsy sample sizes available to us at the time of writing. These clinically informative 

models could be used for therapeutic guidance in cases of surgery and radiation 

treatments. The ranking of imaging inputs (Table 24-Table 28) also allows rational 

decision-making in terms of imaging priorities for both clinical practice and future 

research and development. 

For modeling the presence or absence of tumor, the most important imaging 

sequences were T2, FA, ADC, Average DC, eADC, T1, FLAIR, AUC, Peak, T2*, 𝑘𝑒𝑝, 

K2, and 𝐾𝑡𝑟𝑎𝑛𝑠, serving as inputs to the RFT algorithm. For this particular input/model 

combination, cross-validation analysis using 80% training / 20% testing over ten 

iterations yielded an AUC of 0.9864 (0.9595-0.9958), and single iteration, out-of-sample 

testing also resulted in a substantially similar AUC of 0.9800 (0.8810-1). The agreement 

of results between cross-validation and single-round, out-of-sample testing provides some 

confidence that this input/model combination is working well, and could potentially be 

robust enough for clinical use and further testing. 

Conventional, diffusion, permeability, and perfusion imaging all contributed to 

the WRST set of inputs, but redundancies among these categories existed. For example, 

T2, T1, FLAIR, and T2* all provided conventional, anatomic information, while FA, 
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ADC, Average DC, and eADC all provided diffusion information. Given the similarities 

of these imaging inputs, a simplified model was constructed with only the top-ranked 

imaging parameters in each category (T2, FA, AUC, K2), and running this simplified 

WRST/RFT model on single-round, out-of-sample testing gave only a minor loss in 

performance (AUC 0.9600, CI 0.8683-1).  

A sample clinical protocol for the simplified WRST inputs would consist of T2 

(4:50 min), DTI (4:50 min), DCE (5:08 min), and DSC (1:30 min) sequences for a total 

scan time of 16:18 min. Such a focused MR protocol could lead to a time savings in 

clinic, provided that the presence or absence of tumor was the only desired variable of 

interest. 

The strong performance of the WRST/RFT model echoes findings in the literature 

that the Wilcoxon rank sum test and random forest algorithm are an excellent 

combination for prediction tasks149. Other studies have also demonstrated the importance 

of permeability and perfusion imaging for tumor analysis150, likely due to the fact that a 

tumor’s vascular supply is a significant component of its pathophysiology.    

For modeling Ki67 values, the most important imaging sequences were Average 

DC, ADC, FA, T2, eADC, Peak, T1, AUC, Wash-out, Delay, and T2*, serving as inputs 

to the RFT algorithm. In-sample testing yielded significant correlations between 

predicted and actual Ki67 values (r = .92, P < .0001), but out-of-sample testing did not (r 

= -.14, P = .5541). The major divergence between in-sample and out-of-sample results 

suggests that the former created a model that was overfit, and would be non-predictive in 

a real-world scenario.  This is a common problem in using in-sample methods for model 
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building.  Larger datasets might reduce this divergence, and allow future samples to be 

predicted with greater efficiency, as the dataset grows.  

This study confirms a relationship between ADC and proliferation index49, 

probably linked by an increased number of cells causing reduced water molecule 

movement. This study does not, however, confirm a relationship between blood volume 

and proliferation index49, 58, 59, likely due to the fact that such a relationship is confined to 

contrast-enhancing portions of tumor49, and most of our biopsies were taken from non-

enhancing regions.  

For modeling ERG values, the most important imaging sequences were T2, FA, 

Peak, AUC, ADC, Average DC, T1, eADC, T2*, K2, 𝐾𝑡𝑟𝑎𝑛𝑠, and FLAIR, serving as 

inputs to the RFT algorithm. In-sample testing yielded significant correlations (r = .96, P 

< .0001), as did out-of-sample testing (r = .51, P = .0177). Again, the agreement between 

these separate types of experiments suggests that this input/model combination is likely 

robust, and could be suitable for clinical use and further testing.   

A simplified UniERG model was constructed with only the top-ranked imaging 

parameters in each category (T2, FA, Peak, K2), but running this simplified 

UniERG/RFT model on the same training and test sets as the out-of-sample testing 

resulted in non-significant correlations (r = .39, P = .0775). This result suggests that all 

the current inputs are necessary for this model to render useful predictions. 

A sample clinical protocol for the full set of UniERG inputs would consist of T1 

(1:51 min), T2 (4:50 min), T2* (1:45 min), FLAIR (8:55 min), DWI (2:48 min), DTI 

(4:50 min), DCE (5:08 min), and DSC (1:30 min) sequences for a total scan time of 31:37 
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min. However, our data suggests that there is little redundancy that could be trimmed 

without sacrificing accurate correlations.   

Findings from this study confirm relationships between ADC and vascularity57, as 

well as between vascularity and peak height49, 53. However, this study did not confirm the 

previously documented relationship between rBV and vascularity49, 53, 57, perhaps due to 

the fact that such a relationship is mainly highlighted in areas of contrast-enhancement49. 

For modeling CD values, the most important imaging sequences were T2, FA, 

ADC, T1, Average DC, AUC, Peak, T2*, K2, FLAIR, and eADC, serving as inputs to the 

RFT algorithm. In-sample testing yielded significant correlations (r = .96, P < .0001), as 

did out-of-sample testing (r = .46, P = .0337). Because of the agreement between in-

sample and out-of-sample testing results, this input/model combination could be suitable 

for clinical use and further testing.  

A simplified UniCD model was constructed with only the top-ranked imaging 

parameters in each category (T2, FA, AUC, K2), but running this simplified UniCD/RFT 

model using the same training and test data as for the out-of-sample testing resulted in 

non-significant correlations (r = .28, P = .2150). This suggests that all the current inputs 

are necessary for this model to render useful predictions. 

A sample clinical protocol for the full set of UniCD inputs would consist of the 

same sequences as for UniERG inputs. Such an MR protocol might not lead to a time-

savings, relative to a standard-of-care 30-minute MR scanning session.   

This study confirmed the relationship between nuclear density and Average DC, 

as well as between nuclear density and FA54, which is a natural expectation, considering 

that increased nuclei means increased cells, which reduces water movement and affects 
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diffusion parameters. It also, however, confirmed the relationship between K2 and 

nuclear density54, a link that exists probably because vessel leakage and cellular density 

are both associated with cancer growth, and not because they themselves have a direct, 

1st-order connection.  No relationship was found between nuclear density and MTT54, or 

between rBV and cellular density57, although leakage-corrected rBV was just outside the 

P-value threshold for determining UniCD inputs.   

The Ki67 values in Table 23, as stratified by grade, were comparable to values 

found in the literature151. Similarly, the general range of ERG values found in that table 

was also comparable to previously published work138. 

Our study is limited by having only a relatively small data set (n=26 patients, 64 

biopsy sites), but one that still did yield statistically significant results and correlations. 

The use of contralateral normal VOIs could be challenged due to the fact they are not real 

biopsies, but the removal of actual tissue from histologically normal sites in the brain is 

unethical and impractical, making such virtual, imputed “biopsies” the best possible 

alternative available to us.  Brain tumor patients with a variety of grades and tissue types 

were recruited, with subsequent analysis not attempting to distinguish among them. 

Predictions of WHO grade, or low-grade vs high-grade, were not attempted due to a 

dearth of higher-grade biopsy samples.  

4.6. Conclusion 

Imaging inputs were successful at predicting tumor presence/absence, ERG, and 

cellular density values, but Ki67 could not be successfully predicted at our sample size.  



 126 
 

 

These findings a) allow the development of predictive models for better guidance of 

spatially-oriented treatments (e.g., biopsy, surgery, and radiation), and b) provide a 

rational basis for the allocation of imaging resources, as based on the relative importance 

of imaging inputs to these models.  
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Chapter 5 

Conclusion 

5.1. Summary 

This thesis contains information about the development of prediction techniques 

for tissue characteristics in adult gliomas. Chapter 1 described the limitations of 

conventional, anatomic MR imaging with respect to tumor heterogeneity. Specifically, it 

described the problem of under-grading when using image-guided biopsies, as well as the 

limitations of MR imaging with respect to delineating tumor borders. It then described 

several advanced MR techniques, including DCE, DSC, DWI, and DTI, as well the 

quantitative parameters derived from these images. Chapter 2 described the processing 

that was necessary to create quantitative parameter maps for the advanced MR sequences. 

It also covered the NLM normalization method, image registration, and the extraction of 

imaging values using spherical VOIs. Commercial software packages were used to 

process the DCE, DSC, DWI, and DTI images, and the resulting maps for the image-
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derived parameters were saved in DICOM image format. For registration, a skull-

stripping process was performed to isolate the brain of each image for spatial alignment 

with the patient’s T2 volume. After this registration was performed, ROIs were placed to 

obtain internal intensity reference region values for normalization of conventional MR 

images based on biological references. After this normalization process, VOIs were 

propagated through all images to obtain VOI mean values that could be correlated with 

tissue information from the same biopsy sites. Specific Aim 1 was achieved in this 

chapter.  

Chapter 3 described the assessment of brain MRI registration methods using 

fiducial landmarks. Twenty patients were imaged using four different MR sequences, and 

1175 landmarks were placed in homologous locations across these image volumes. Seven 

different registration experiments were performed for the different image volume pairings 

(FLAIR-T2, SWAN-T2, T1C-T2), including a commercial GE registration, open-source 

ANTs registrations, and gold standard landmark-based registrations. The affine LM 

registration reduced the TRE value by the greatest amount, with all other registrations 

improving the TRE to a lesser degree. The best-performing registration varied for each 

image sequence (FLAIR: rigid MI, SWAN: affine MI, T1C: General Electric), although 

the standard deviations of all registration results appeared to overlap with each other. 

This study demonstrated that registration error using open-source software performed 

within acceptable (< 2 mm) bounds, and that commercial registration methods could be 

assessed using neuroanatomical information encoded as fiducial landmarks. 

Chapter 4 described the construction and testing of models that predicted tumor 

status, Ki67, ERG, and CD values. Twenty-six patients were recruited to a prospective 
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clinical trial using criteria that selected for adult patients with untreated gliomas. All 

patients were imaged on clinical 3T MR scanners, then biopsied during their subsequent 

craniotomy procedures. Conventional MR images were normalized using biological 

reference regions, and advanced MR images were analyzed using commercial software 

packages. Tissue was analyzed for WHO grade, Ki67, ERG, and CD values. To 

determine the most important imaging variables with relevant information content, 

variable reduction was performed using the Wilcoxon Rank Sum Test, univariate 

regression tests, and principal components analysis. Model construction and testing was 

performed by using logistic/linear regression and RFT techniques, combined with the 

most significant imaging inputs, to relate 25 image parameters to 4 tissue parameters. 

Out-of-sample testing resulted in excellent results for predicting tumor status (AUC = 

0.9800, CI = 0.8810-1), as well as significant results for ERG (r = .51, P = .0177) and CD 

(r = .46, P = .0337). Specific Aims 2 and 3 were achieved in this chapter.  

This thesis developed predictive models for tissue characteristics in brain tumors. 

Such work helps further the development of future predictive models that can provide 

guidance for spatially-oriented treatments by assisting with tumor border delineation. 

Additionally, the results of the variable reduction process can provide a basis for resource 

allocation regarding imaging research and clinical use.  

5.2. Future Work  

Immediate future work will involve further patient recruitment to obtain 

additional biopsies to expand this dataset.  We foresee that multiple centers could 
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eventually be involved in acquiring imaging and tissue information for this project, 

provided that procedural uniformity could be ensured across institutions for image 

acquisition and pathological analyses. Another future goal is linking our imaging 

information to genomic information152–155, such as IDH1 status, 1p19q co-deletion status, 

and MGMT methylation status, as well as linking it to clinical information, such as 

survival156, 157 and recurrence158. 

A multi-variate analysis of the imaging inputs could also be performed, in which 

imaging parameters were used in various combinations to determine their relative 

importance as a set, in contrast to this paper’s univariate regression methods, where 

imaging parameters were assessed one at a time. Image features could also be extracted 

from the 25 image volumes for each patient, with the results used as additional inputs to 

the predictive models. The effects of DSC parameter normalization techniques159, 160 

could also be investigated. 

Further clinical trials could directly test the robustness of these predictive models, 

thereby progressing from the associations demonstrated in this study, to true predictions 

in real-life clinical applications.  After such testing, these models could be used to help 

plan biopsies6, surgeries, or radiation therapy, specifically by developing probability 

maps for tumor presence or severity54, 161 (Figure 63), especially in the peritumoral brain 

zone162.  
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Figure 63: Axial T2 images (top row) with corresponding RFT tumor probability maps (bottom row). 

Biopsy sites indicated by red circles in top row and black circles in bottom row.  
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Appendix A: Additional Results for Chapter 2 

This appendix contains analysis slides for 25 imaging parameters and 4 quantitative 

tissue parameters. For each analysis slide, the parameter of interest was plotted 

comparing their tumor and normal brain values (top row), comparing their values to 

tissue parameters (middle row), and comparing their values to grade (bottom row). In the 

top row, the comparisons are for raw values (left), NLM-processed values (middle-left), 

and NLM-plus-standardized values (middle-right, right). On the histograms, red is tumor, 

and blue is normal brain. In the middle row, the parameter is plotted against Ki67 (left), 

ERG area (middle-left), ERG nuclei (middle-right), and cell density (right). In the bottom 

row, the parameter is plotted using raw values (left, middle-left), and NLM-plus-

standardized values (middle-right, right). 

 
 

Figure A.1: Analysis slide for T1. 
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Figure A.2: Analysis slide for T1C.

 
Figure A.3: Analysis slide for T2. 
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Figure A.4: Analysis slide for T2*.

 
Figure A.5: Analysis slide for FLAIR 

 



 148 
 

 

 
Figure A.6: Analysis slide for SWAN.

 
Figure A.7: Analysis slide for ADC. 
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Figure A.8: Analysis slide for eADC. 

 
Figure A.9: Analysis slide for FA. 
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Figure A.10: Analysis slide for Average DC.

 
Figure A.11: Analysis slide for leakage-corrected rBV. 
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Figure A.12: Analysis slide for non-leakage-corrected rBV.

 
Figure A.13: Analysis slide for rBF. 
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Figure A.14: Analysis slide for MTT.

 
Figure A.15: Analysis slide for Delay. 
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Figure A.16: Analysis slide for K2 leakage values.

 
Figure A.17: Analysis slide for 𝐾𝑡𝑟𝑎𝑛𝑠 values. 
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Figure A.18: Analysis slide for 𝑘𝑒𝑝 values. 

 
Figure A.19: Analysis slide for 𝑣𝑝 values. 
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Figure A.20: Analysis slide for 𝑣𝑒 values. 

 
Figure A.21: Analysis slide for wash-in values. 
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Figure A.22: Analysis slide for wash-out values. 

 
Figure A.23: Analysis slide for Time-to-Peak values. 
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Figure A.24: Analysis slide for Area-Under-the-Curve values. 

 
Figure A.25: Analysis slide for Peak enhancement values. 
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Figure A.26: Analysis slide for Ki67 values. 

 
Figure A.27: Analysis slide for ERG area values. 
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Figure A.28: Analysis slide for ERG nuclei values.

 
Figure A.29: Analysis slide for cell density values. 
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Appendix B: Additional Results for Chapter 3 

This appendix contains additional results for chapter 3, regarding the registration 

of brain MRI volumes. 

 

B.1 Baseline Target-to-Registration Error (TRE)  

Prior to registration, the mean TRE rankings were as follows (Fig. B.1): FLAIR < 

SWAN < T1C. Differences among these 3 groups were statistically significant 

(Friedman’s ANOVA, F = 9.300, P=.0096), and post hoc testing showed significant 

differences for the FLAIR-T1C pair, but not for the FLAIR-SWAN or SWAN-T1C pairs 

(P=.0133, P=.0531 and P>.9999, respectively, Dunn’s test). 

 
Figure B.1: Baseline TRE values as boxplots (top) and histograms (bottom) for FLAIR (blue), SWAN 

(red), and T1C (green). n=20 for each boxplot. 
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B.2 TRE differences by landmark  

Baseline TRE differences between landmarks (Fig. B.2, left) were found to be 

significant (Friedman’s ANOVA, F=30.23, P=.0071), but post hoc testing using Dunn’s 

test revealed significant differences only for the LM site #5 – LM site #13 pair (P=.0191), 

suggesting mainly random, not systematic, differences among landmark locations. 

Differences among landmarks after the affine LM registration (Fig. B.2, right) were not 

significant (Friedman’s ANOVA, F=23.13, P=.0581)  

 
Figure B.2: Baseline (left) and affine LM (right) TRE values for different landmark sites, averaged for 

FLAIR, SWAN, and T1C.  n=20. 

 

 

B.3 TRE after the Affine LM registration 

Affine LM results, representing the gold standard minimum possible TRE, 

consistently had the smallest TRE values for each sequence, with rankings as follows: 

T1C < FLAIR < SWAN. Differences among the 3 sequences were significant 

(Friedman’s ANOVA, F = 12.40, P=.0020), with post hoc testing showing significant 

differences for the SWAN-T1C pair, but not the FLAIR-SWAN or FLAIR-T1C pairs 

(P=.0015, P=.6177 and P=.0806, respectively, Dunn’s test). Shapiro-Wilk test results for 
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TRE values from all imaging sequences are in Table B.1. The Cohen’s d effect sizes for 

TRE, upon which the SER values are based, are in Table B.2. 

  
 

Table B.1: Shapiro-Wilk test P-values for TRE values of each registration and sequence (n = 20). 

Registration 

Experiment 
FLAIR SWAN T1C 

Pre .5201 .0518 .0352 

GE .4530 .1463 .4480 

Rigid CC .2372 .0008 .0002 

Rigid MI .5044 .0135 .0005 

Affine CC .4988 .0088 .0022 

Affine MI .0817 .0335 .7787 

Rigid LM .7887 .0015 .9251 

Affine LM .2919 .0002 .5422 

 
 

 
Table B.2: Cohen’s effect size d ± 95% CI with respect to affine, 12 DOF landmark values: 𝑑𝐴𝑂𝐼−𝐿𝑀12 =
𝑇𝑅𝐸𝐴𝑂𝐼̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅−𝑇𝑅𝐸𝐿𝑀12̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅

𝑠𝐴𝑂𝐼−𝐿𝑀12
, where AOI is the algorithm of interest, the pooled standard deviation 𝑠𝐴−𝐵 =

√
(𝑛𝐴−1)𝑠𝐴

2+(𝑛𝐵−1)𝑠𝐵
2

𝑛𝐴+𝑛𝐵−2
,  𝑠𝐴 is the standard deviation of group A, and 𝑛𝐴is the number of samples in group A. 

The 95% confidence interval was calculated using 95% 𝐶𝐼 =  √𝜎 ∗ 𝑍0.975, where 𝜎 = (
𝑛𝐴+𝑛𝐵

𝑛𝐴𝑛𝐵
+

𝑑𝐴−𝐵
2

2(𝑛𝐴+𝑛𝐵−2)
)(

𝑛𝐴+𝑛𝐵

𝑛𝐴+𝑛𝐵−2
). n = 20. 

d ± 95% CI FLAIR SWAN T1C 

Pre 2.433 ± 0.848 3.290 ± 0.990 2.019 ± 0.788 

GE 2.386 ± 0.841 1.563 ± 0.731 1.874 ± 0.769 

Rigid CC 1.687 ± 0.745 1.354 ± 0.708 1.141 ± 0.688 

Rigid MI 1.395 ± 0.713 1.479 ± 0.722 1.420 ± 0.715 

Affine CC 1.845 ± 0.765 1.431 ± 0.716 1.823 ± 0.762 

Affine MI 1.655 ± 0.742 1.158 ± 0.690 2.032 ± 0.790 

Rigid LM 0.444 ± 0.644 0.428 ± 0.644 0.526 ± 0.647 

Affine LM 0.000 ± 0.636 0.000 ± 0.636 0.000 ± 0.636 

 

 

 

 



 163 
 

 

B.4 Mutual Information (MI) values after Registration 

For FLAIR MI values (Fig. B.3 top, Table B.3), the rankings were: affine MI < 

affine CC < rigid MI < rigid CC < GE. Pairwise MI comparisons of FLAIR MI between 

the best algorithm and its runners-up revealed significant differences for the affine MI – 

affine CC pair (p<.0001 Paired t) and the affine MI – rigid MI pair (p<.0001 Wilcoxon 

signed-rank).  

For SWAN MI values (Fig. B.3 middle, Table B.3), the rankings were: affine MI 

< affine CC < rigid MI < rigid CC < GE. The 3 outliers are due to the fact that 3 out of 20 

SWAN image volumes possessed larger superior/inferior head coverage than the rest, 

meaning negative MI values for those particular image volumes were much lower than 

for the other 17 image volumes. Pairwise comparisons of SWAN MI between the best 

algorithm and its runners-up revealed significant differences for the affine MI – affine 

CC pair (p=.0032 Wilcoxon signed rank) and the affine MI – rigid MI pair (p=.0003 

Wilcoxon signed rank). 

For T1C MI values (Fig. B.3 bottom, Table B.3), the rankings were: affine MI < 

affine CC < GE < rigid MI < rigid CC. Pairwise comparisons of T1C MI between the 

best algorithm and its runners-up did not reveal significant differences for the affine MI – 

affine CC pair (p=.2193 Paired t), but did reveal significant differences for the affine MI 

– GE pair (p=.0113 Paired t). Shapiro-Wilk test results for MI values from all imaging 

sequences are in Table B.4. 
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Figure B.3: MI boxplots (n=20) for FLAIR (top), SWAN (middle), and T1C (bottom). MI differences 

among the 8 groups were statistically significant for FLAIR (Friedman’s ANOVA, F = 108.3, p<.0001), 

SWAN (Friedman’s ANOVA, F = 98.08, p<.0001), and T1C (RM ANOVA, F = 17.21, p<.0001). Asterisks 

indicate statistically significant MI differences from baseline (*P≤.05, **P≤.01, ***P≤.001, ****P≤.0001; 

FLAIR, SWAN: Dunn’s Test; T1C: Dunnett’s test). 
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Table B.3: Average mutual information (MI) values for each registration and image sequence. Asterisks 

indicate statistically significant differences from pre-registration (*p≤ 0.05, **p≤0.01, ***p≤0.001, 

****p≤0.0001). n = 20. (FLAIR, SWAN: Dunn’s Test; T1C: Dunnett’s test) 

MI 

Summary 
FLAIR SWAN T1C 

Pre -0.5170 ± 0.0323 -0.3596 ± 0.0640 -0.4957 ± 0.0365 

GE -0.5353 ± 0.0301** -0.3720 ± 0.0707 -0.5206 ± 0.0309*** 

Rigid CC -0.5361 ± 0.0300*** -0.3750 ± 0.0706**** -0.5058 ± 0.0344 

Rigid MI -0.5376 ± 0.0300**** -0.3763 ± 0.0704**** -0.5080 ± 0.0315 

Affine CC -0.5443 ± 0.0317**** -0.3784 ± 0.0699**** -0.5287 ± 0.0271**** 

Affine MI -0.5483 ± 0.0304**** -0.3811 ± 0.0707**** -0.5295 ± 0.0257**** 

Rigid LM -0.5352 ± 0.0302** -0.3734 ± 0.0708* -0.5228 ± 0.0246*** 

Affine LM -0.5328 ± 0.0296 -0.3701 ± 0.0721 -0.5203 ± 0.0266*** 

 

 

Table B.4: Shapiro-Wilk test p-values for MI values of each registration and image sequence (n = 20). 

MI SW Test FLAIR SWAN T1C 

Pre 0.8536 0.0075 0.2958 

GE 0.1008 0.0080 0.0969 

Rigid CC 0.0359 0.0104 0.0669 

Rigid MI 0.0299 0.0077 0.0653 

Affine CC 0.0677 0.0108 0.4720 

Affine MI 0.0628 0.0124 0.5152 

Rigid LM 0.1892 0.0072 0.4990 

Affine LM 0.6123 0.0064 0.3123 

 

B.5 Cross-Correlation (CC) values after Registration 

For FLAIR CC values (Fig. B.4 top, Table B.5), the rankings were: affine MI > 

affine CC > GE > rigid MI > rigid CC. Pairwise comparisons of FLAIR CC between the 

best algorithm and its runners-up revealed significant differences for the affine MI – 

affine CC pair (p=.0011 Wilcoxon signed-rank) and the affine MI – GE pair (p<.0001 

Wilcoxon signed-rank). 



 166 
 

 

For SWAN CC values (Fig. B.4 middle, Table B.5), the rankings were: affine MI 

> GE > rigid MI > affine CC > rigid CC. Pairwise comparisons of SWAN CC between 

the best algorithm and its runners-up did not reveal significant differences for the affine 

MI – GE pair (p=.8043 Paired t), but did reveal significant differences for the affine MI – 

rigid MI pair (p=.0017 Paired t). 

For T1C CC values (Fig. B.4 bottom, Table B.5), the rankings were: affine CC > 

affine MI > GE > rigid CC > rigid MI. Pairwise comparisons of T1C CC between the 

best algorithm and its runners-up revealed significant differences for the affine CC – 

affine MI pair (p<.0001 Paired t) and the affine CC – GE pair (p<.0001 Paired t). 

Shapiro-Wilk test results for CC values from all imaging sequences are in Table B.6. 
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Figure B.4: CC boxplots (n=20) for FLAIR (top), SWAN (middle), and T1C (bottom). CC differences 

among the 8 groups were statistically significant for FLAIR (Friedman’s ANOVA, F = 118.4, p<.0001), 

SWAN (RM ANOVA, F = 12.15, p<.0001) and T1C (RM ANOVA, F = 27.16, p<.0001). Asterisks 

indicate statistically significant MI differences from baseline (*P≤.05, **P≤.01, ***P≤.001, ****P≤.0001; 

FLAIR: Dunn’s Test; SWAN, T1C: Dunnett’s test). 

 



 168 
 

 

 
Table B.5: Average cross-correlation (CC) values for each registration and image sequence. Asterisks 

indicate statistically significant differences from pre-registration (*p≤ 0.05, **p≤0.01, ***p≤0.001, 

****p≤0.0001). n = 20. (FLAIR: Dunn’s Test; SWAN, T1C: Dunnett’s test) 

 

 

 

 

 
Table B.6: Shapiro-Wilk test p-values for CC values of each registration and image sequence (n = 20). 

CC SW Test FLAIR SWAN T1C 

Pre 0.1363 0.7115 0.0548 

GE 0.2609 0.4450 0.6862 

Rigid CC 0.3388 0.4356 0.6403 

Rigid MI 0.3290 0.2992 0.9480 

Affine CC 0.0585 0.6868 0.8832 

Affine MI 0.0350 0.6252 0.5895 

Rigid LM 0.4539 0.4083 0.4187 

Affine LM 0.4761 0.6334 0.1507 

 

 

 

 

 

 

 

 

 

CC Summary FLAIR SWAN T1C 

Pre 0.9788 ± 0.0046 0.9856 ± 0.0016 0.9800 ± 0.0028 

GE 0.9812 ± 0.0045**** 0.9871 ± 0.0020*** 0.9810 ± 0.0031 

Rigid CC 0.9810 ± 0.0045*** 0.9865 ± 0.0021 0.9791 ± 0.0040 

Rigid MI 0.9811 ± 0.0043*** 0.9867 ± 0.0021* 0.9787 ± 0.0045 

Affine CC 0.9825 ± 0.0043**** 0.9866 ± 0.0020* 0.9838 ± 0.0028**** 

Affine MI 0.9831 ± 0.0038**** 0.9872 ± 0.0020*** 0.9824 ± 0.0031**** 

Rigid LM 0.9798 ± 0.0048 0.9869 ± 0.0022** 0.9810 ± 0.0033 

Affine LM 0.9798 ± 0.0049 0.9863 ± 0.0023 0.9806 ± 0.0032 
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Appendix C: Additional Results for Chapter 4 

 
Figure C.1: Total Variance Explained for 6 factors. 
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Figure C.2: Total Variance Explained for 4 factors. 

  


