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SUMMARY 

Treatment of glioblastoma (GBM), a grade IV brain tumor, is complex and 

challenging. Despite an aggressive treatment protocol of surgery, radiation treatment, and 

chemotherapy, patient outcomes are poor. Throughout a patient’s treatment timeline, 

imaging is central to clinical decision making. The gold standard imaging for treatment of 

GBM is magnetic resonance imaging (MRI). While clinical MRIs show some extent of 

tumor infiltration, they do not capture the entire extent and further, can struggle to define 

tumor margins. Spectroscopic MRI (sMRI) measures the endogenous metabolites in the 

brain and in particular, a ratio of two metabolites (choline and N-acetyl aspartate) shows 

tumor margins that extend well past what’s seen in the clinic. To that end, we first present 

our efforts to guide GBM treatment with sMRI. Next, we analyze whether pre-treatment 

insights from sMRI correlate with patient survival and outcomes. Finally, GBM patients 

are tracked with clinical imaging after completing surgery and chemoradiation. To improve 

objectivity and robustness in post-treatment patient tracking, we have developed deep 

learning algorithms to quantify patient lesions and provide assistive suggestions to 

physicians for whether tumor recurrence has occurred. By utilizing sMRI during treatment 

and the latest deep learning algorithms after treatment, we have improved GBM patient 

survival and provided insights that can help physicians treat patients more proactively. 

Further, all our algorithms are housed in software that fit seamlessly into clinician 

workflows as the integration of quantitative tools and imaging into the clinic is vital 

towards affecting patient lives directly. Future plans involve translating sMRI and our 

quantitative software into the clinic to assist clinicians and improve patient livelihood.  
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Chapter 1. Introduction and Background 

1.1 Clinical Hurdles of Treating Glioblastoma 

Glioblastoma (GBM), a grade IV primary brain tumor, has devastated millions of 

families around the world with an annual incidence rate of 3.19 per 100,000 in the United 

States alone [1]. The median time of survival is typically 10-12 months from diagnosis [2], 

with a five-year survival rate of only 6.8% [2,3]. Treatments for this form of cancer are 

intense, invasive, and painful, and commonly include surgery, high-dose radiation 

treatment, and chemotherapy. Curiously, little has improved patient outcomes in the past 

decades. Even with an aggressive treatment protocol, median survival time is typically 15-

16 months [4-6].  

Patients with GBM typically present with symptoms largely arising from increased 

pressure in the brain due to active tumor proliferation. Symptoms include but are not 

limited to seizures, headaches, memory loss, speech difficulty, and changes in vision. 

Patients presenting with symptoms are typically screened for lesions or abnormalities via 

medical imaging such as computed tomography (CT) or the gold standard magnetic 

resonance imaging (MRI). Tissue samples are taken from areas of visible tumor via biopsy 

and undergo histological analysis. The presence of necrosis, microvascular proliferation, 

increased cell density, and atypia are hallmarks of GBM, with the first two features leading 

to a grade IV characterization [7]. However, the presence of these features can vary due to 

the heterogeneity of GBM as well as the tissue sample biopsied [8].  
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Glioblastoma is primarily composed of abnormal astrocytes, a type of glial cell. Glial 

cells are regularly referred to as the “glue” of the central and peripheral nervous system as 

they support neurons and their cellular environment. The main functions of healthy glia 

include providing insulation between neurons, supplying nutrients to neurons, as well as 

removing dead neurons and pathogens. Astrocytes in particular are star-shaped glial cells 

in the brain and spine that have numerous functions some of which include regulating 

transmission of electrical impulses between neurons, metabolic and nutrient support of 

neurons, and maintenance of the blood-brain-barrier (BBB). While the exact origin of 

glioblastoma is unknown, it is actively being researched, with a majority of glioblastomas 

presenting as grade IV from the onset [9].  

Glioblastoma is incredibly infiltrative and rapidly spreads into neighboring brain 

tissue and along white matter tracts. Due to the rapidly invasive nature of GBM, as well as 

the potential loss of brain function, standard clinical treatment is aggressive. As mentioned 

previously, the standard Stupp protocol for treatment of GBM involves maximal-safe 

surgical resection of visible lesion in contrast-enhanced T1-weighted MRIs (T1w-CE), 

before administering radiotherapy (RT) to residual lesion in the brain with concurrent 

temozolomide (TMZ) chemotherapy [10]. After initial treatment, patients are imaged and 

tracked every 2-3 months to assess for recurring tumor, which could lead to subsequent 

surgeries or changes in treatment. Throughout the treatment and post-treatment timeline of 

a GBM patient, medical imaging is central to their clinical management. However, the gold 

standard imaging modalities are limited in detecting the full extent of tumor infiltration, 

which leads to undertreatment of spreading tumor and overtreatment of otherwise healthy 

tissue at every stage. The ultimate basis for this work is 1) guiding GBM treatment with 
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advanced, quantitative imaging techniques such as spectroscopic MRI (sMRI) to capture 

the true extent of tumor infiltration in the brain and 2) using the latest deep learning and 

machine learning techniques to provide robust, actionable analytics during post-treatment 

follow-up for proactive treatment of GBM. Finally, this work continues the effort of 

bringing these quantitative techniques to clinical adoption.   

1.2  Need for Advanced Imaging Techniques for GBM Treatment 

1.2.1 Clinical Standard 

The gold standard imaging used for diagnosis, evaluation, and treatment of GBM 

is magnetic resonance imaging (MRI). Broadly, the phenomenon of magnetic resonance or 

nuclear magnetic resonance (NMR) involves the nuclei of atoms in a magnetic field being 

perturbed by radiofrequency (RF) pulses. After perturbation, the nuclei return to an 

equilibrium state and in that process generate an electromagnetic signal that can be 

measured by RF coils. When patients enter an MRI machine, they are essentially inside of 

a magnet with its own magnetic field parallel to the direction of the patient lying down 

(B0). Protons in tissue, which normally are oriented randomly, will align in the same 

direction of the B0 field due to having their own magnetic dipole. RF pulses are used to 

perturb protons into certain orientations before being turned off. In the process of turning 

on and immediately turning off an RF pulse, the protons perturb in a particular orientation 

and then relax towards equilibrium. During that relaxation process, an RF signal is emitted 

and measured to calculate tissue properties and generate images with tissue contrast.  

Image contrast is generated due to the time it takes for protons in different tissue 

environments to relax. Depending on the time in which signal is acquired after RF pulse is 
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turned off, known as the echo time (TE), signal from certain tissue environments will be 

more prominent than that of others. In general, after perturbation by an RF pulse, protons 

initially rotate to the direction of the RF magnetization, and then relax to equilibrium 

parallel to the direction of B0. That relaxation process generates an electromagnetic signal 

in two different directions as the protons wobble or undergo precession. When measuring 

the longitudinal magnetization, or the component of magnetization parallel to B0, protons 

in various tissue environments recover at an exponentially decaying rate to a maximum 

magnetization in the B0 direction. The time it takes for the longitudinal magnetization to 

reach 63% of its maximum is known as T1 relaxation and is a constant that is unique to 

certain tissue and fluid environments. When measuring magnetization perpendicular to B0, 

due to the protons spinning perpendicular to B0, the transverse magnetization is initially at 

its maximum before decaying to 0 in an exponentially decaying manner. T2 relaxation 

occurs when the transverse magnetization reduces by 37% from its initial maximum and is 

also unique to certain tissue and fluid environments. During image acquisition, the greatest 

contrast in longitudinal magnetization between tissue occurs very early during the 

relaxation phase and therefore, T1-weighted imaging (T1w), that depends on contrast 

leveraging T1, usually requires shorter TE acquisitions. To maximize T2 contrast, longer 

TE is used.  

In T1w imaging of the brain, water and cerebrospinal fluid (CSF) appear dark while 

gray and white matter are both visible. In T2w imaging, CSF and water appear very bright, 

with generally less contrast between gray and white matter. Sometimes, gadolinium 

contrast agents (Gd) that alter the T1 relaxation time and make certain pathology appear 

more visible can be used. This is referred to as post-contrast imaging. For GBM, Gd 
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contrast is typically used during a T1w acquisition. Gd, which travels through blood, 

appears bright in T1w acquisitions, and therefore, T1w-contrast enhanced (T1w-CE) 

imaging is commonly used in the clinic to identify regions of the brain where the blood-

brain-barrier (BBB) has broken down due to tumor infiltration. In GBM, it is typical to see 

a cavity forming due to necrosis surrounded by striated regions of enhancement due to 

leaky vasculature from infiltrating lesion spreading outward [11]. In T2w imaging, tissue 

with high water content appears bright along with surrounding, free moving CSF. In GBM, 

tissue where tumor is infiltrating and extending are highly inflamed, leading to a build-up 

of fluid (edema) and bright lesions. To improve visual contrast between edema and healthy 

surrounding tissue, an inversion recovery (IR) sequence is performed to effectively “null” 

bright signal from CSF. To that end, T2w/Fluid-Attenuated Inversion Recovery (FLAIR) 

imaging is also used in the clinic to guide treatment.  

1.2.2 Spectroscopic Imaging  

The problem with clinical imaging such as T1w-CE is that while visible abnormality 

from a presence of contrast is certainly a sign of leaky vasculature and therefore active 

tumor infiltration, it does not capture the entire extent of infiltrating tumor [12,13]. While 

T2w/FLAIR can capture much larger extents of infiltration, lesions visible in FLAIR are 

primarily due to edema and inflammation and are not necessarily all tumor [14,15]. 

Therefore, standard clinical imaging fails to not only differentiate healthy tissue from 

infiltrating tumor, it also cannot capture the entire extent of infiltrating tumor leading to 

overtreatment of healthy tissue, undertreatment of tumor, and overall poor outcomes for 

patients even after undergoing the intensive Stupp protocol.  
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Spectroscopic MRI (sMRI) attempts to resolve some of the hurdles that standard 

clinical imaging faces. Thus far, when describing magnetization from protons in both T1 

and T2w imaging, the predominant magnetization is from water and lipids. That is, protons 

precessing in water and lipid environments generate anatomic contrast in standard clinical 

MRIs. However, when suppressing signal from water and lipid, precession from protons in 

other chemical compounds can be detected. sMRI involves the detection and quantification 

of signal from metabolites and other chemicals that are usually not seen due to 

overwhelming signal from water and lipid without the need for any contrast agent.  

Choline (Cho) is a metabolite that correlates with high cell turnover, is indicative of 

high proliferation rates, and is generally much higher in tissue with tumor. N-acetyl 

Aspartate (NAA) is a metabolite that is high in healthy neuronal tissue, and generally lower 

in tissue microenvironments disrupted by tumor. The ratio of Cho/NAA is a biomarker for 

tumor infiltration and can often detect the extent of tumor with greater sensitivity and 

specificity than standard imaging [12,16-20]. To this end, several of the chapters in this 

dissertation utilize sMRI and the Cho/NAA ratio to guide treatment of GBM, track brain 

tumors, as well as investigate the effects of certain medications like Belinostat on brain 

metabolism. While MR Spectroscopic Imaging (MRSI) has existed for over forty years, it 

has made few inroads into the clinic. Our efforts to utilize spectroscopy for GBM treatment 

has led to recent progress in bringing sMRI to the clinic and leading to improved patient 

outcomes [13,21,22].  

1.3  Need for Predictive Analytics for Tumor Tracking 

1.3.1 Importance of Tumor Recurrence Determination 
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Initial treatment of GBM involves surgery and radiation treatment along with 

chemotherapy [10]. Physicians then inspect clinical imaging (T1w-CE and FLAIR) every 

two to three months for abnormal lesions and tumor recurrence. Previously, I mentioned 

the limitations of clinical imaging in guiding surgeries and radiation treatment. These 

limitations are exacerbated during the post-treatment follow-up phase as radiation necrosis, 

radiation-related inflammation, surgical-inflammation, and other factors can present as 

lesion in both T1w-CE and FLAIR, confounding physicians and leading to difficult 

decision making [23,24]. Ultimately, clinicians need to know when tumor has recurred as 

soon as possible to guide future decision making and extend patient survival. As soon as 

tumor recurrence occurs, patients may have only months to live, which makes it critical for 

the physician team to respond quickly, proactively, and with objectivity when they suspect 

the patient’s initial treatment has failed. 

Radiological post-treatment tracking can be particularly challenging because two 

different physicians could describe their findings in a subjective manner with slightly 

different interpretations of the very same set of imaging. This can make decision-making 

for other clinical teams a challenge as the next steps for treating the patient are unclear. 

Disease-specific structured reporting is a method of addressing some of these concerns. 

Structured reporting is a method of categorizing imaging findings into quantitative scores 

that each have their own interpretation [25,26]. For example, if two different radiologists 

looked at the same patient’s imaging and included a quantitative score along with a written 

description of their findings, and the scores align with each other, physicians can more 

confidently determine the next steps for treating the patient. The Breast Imaging Reporting 

and Data System (BI-RADS) is one such popular framework for assigning categorical 
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scores to patient imaging visits [27]. These scores have led to improved patient tracking, 

robust treatment of the patient, and have later been used in research to correlate quantitative 

scores to patient likelihood of survival [28,29].  

In brain tumor imaging, one such framework is known as the Brain Tumor 

Reporting and Data System (BT-RADS) [30,31]. This framework depends on changes in 

lesion size over time, which can still be somewhat subjective as physicians currently only 

visually inspect imaging across one or two dates to determine whether a lesion is larger or 

significantly larger for example. To improve post-treatment tracking of brain tumor 

patients, as well as more robust BT-RADS classifications, volumetric segmentation of 

lesion as well as quantitative cutoffs for scoring can help clinicians in determining whether 

a patient’s condition is cause for concern.  

1.3.2 Age of Artificial Intelligence 

In the recent decade, computer vision has made great leaps in classification and 

segmentation. Its applications in medical imaging have also grown exponentially. For the 

task of volumetric segmentation, I first describe a semi-automated approach using classical 

image processing techniques [32]. I also, build on that work by testing and training the 

latest deep learning segmentation models in medical imaging for post-surgical GBM 

lesions [33]. Using automated lesion segmentation algorithms, we can assist radiation 

oncologists in designing radiation therapy plans as well as improve post-treatment tracking. 

By calculating lesion volumes and setting volumetric cutoffs, we can generate automated 

disease-state classifications that can assist physicians in assessing tumor recurrence.  

1.4  Closing the Gap to Clinical Translation 
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This dissertation will showcase our efforts to improve GBM treatment. Chapters 2 

and 3 delve into the enhanced benefits of sMRI in directing RT for GBM [21,34]. Chapters 

4-6 concentrate on post-treatment follow-up, where we devised a software tool and 

segmentation algorithm to detect tumor recurrence [32,33,35]. Chapters 7 and 8 explore 

additional applications of sMRI and present findings from another clinical trial involving 

an epigenetic drug for GBM treatment [22,36]. 

While many of our efforts in this dissertation have improved patient survival and 

provided tools for physicians to evaluate GBM patients, this dissertation should hopefully 

highlight the efforts we have made to house these tools in software that clinicians can use. 

While previous efforts of applying artificial intelligence to healthcare have led to 

impressive results, few efforts have made it to the clinic. From our web application 

leveraging sMRI for RT planning, to housing our segmentation models and visualization 

tools in software for easier decision-making, we want to ensure that the work that is 

completed in this dissertation can seamlessly integrate with clinical workflows so that 

ultimately patient lives are improved, which is the overall hope and promise of this work.  
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Chapter 2. A multisite pilot clinical trial of spectroscopic MRI-

guided radiation dose escalation in glioblastoma patients: 

Interim results and toxicity reports  

2.1  INTRODUCTION 

Glioblastomas (GBMs) are the most common malignant primary brain tumor in 

adults with an annual incidence of 3.19 per 100,000 in the United States [37]. Standard-of-

care treatment for patients with newly-diagnosed GBM consists of maximally safe surgical 

resection followed by radiation therapy (RT) with concomitant and adjuvant temozolomide 

(TMZ). Despite advances in these treatment regimens over the last two decades, GBM 

continues to be an aggressive disease with a median overall survival of 15-16 months since 

the introduction of TMZ [6,38-40].  

Part of the challenge treating GBMs is its infiltrative nature. To account for this, a 

two-tier system of imaging is typically used to target disease. T1-weighted contrast 

enhanced (T1w-CE) MRI utilizes intravenous injection of gadolinium contrast agent to 

identify leaky vasculatures accompanying high grade gliomas and compromised blood-

brain barrier, which is the hallmark of GBMs. Thus, T1w-CE is a reasonable diagnostic 

imaging method to differentiate GBMs from the lower grade gliomas. T2-weighted fluid 

attenuated inversion recovery (FLAIR) MRI is less specific, but identifies not only tumor 

infiltration, but other pathologies such as edema, inflammation, and medication or radiation 

effects. To accommodate both imaging phenomena, high dose RT (typically 60 Gy) is 

targeted to the T1w-CE region, including any surgical resection cavity, and a lower dose 

45-54 Gy to the FLAIR hyperintensity, both delivered over 30 fractions [41]. Given the 
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infiltrative nature of GBMs, an imaging modality that could more completely identify the 

extent of tumor spread, even if the tumor has not yet disrupted local anatomy or induced 

leaky neovasculature, would be beneficial in improving disease targeting to avoid marginal 

or distant failures. Furthermore, there has been ongoing work to determine the optimal 

radiation dosing to prevent in-field recurrence of disease, with higher doses up to 75 Gy 

being studied in trials such as the NRG-BN001 study [42].  

Magnetic resonance spectroscopic imaging (MRSI) can non-invasively identify the 

chemical composition of tissue based on the nuclear magnetic resonance phenomenon [18]. 

Tumor cells have altered metabolism which can be detected using MRSI. Choline-

containing compounds (Cho) make up the phospholipid bilayer of the cell membrane and 

are found in increased concentration in cells that are rapidly proliferating. N-

acetylaspartate (NAA) is a protein found in neurons and is diminished in tissue samples 

when there is destruction of the local neuronal environment. The ratio of choline to NAA 

(Cho/NAA) has been previously shown to be greatly elevated in patients with GBM and 

can serve as a biomarker to differentiate regions of tumor from healthy brain [18,20,43].  

Based on these results, there have been studies in the past assessing the potential of 

MRSI for radiation treatment planning in GBM patients [16-20,44]. However, very few trials 

have managed to use MRSI for interventional treatment of brain tumors. SPECTRO-GLIO 

is one such trial where regions of the brain with a ratio of Cho/NAA > 2.0 received an 

escalated radiation dose of 72 Gy [45]. This study used a 3D CSI sequence on 1.5T scanners 

with slices as thick as 25 mm and a nominal voxel size close to 1 cc for high-dose radiation 

targets. Results of this trial have not yet been reported. We have concurrently been 

pioneering development of high spatial resolution, 3D echo-planar spectroscopic imaging 
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(EPSI), MRSI sequences with a full field of view, i.e. including cortical surface regions, 

which we have termed spectroscopic MRI (sMRI). With sMRI, we can acquire images with 

more than three-fold improved resolution compared to the 3D CSI sequence used in 

SPECTRO-GLIO as well as improved signal-to-noise (SNR) due to the use of 3T scanners. 

Further, we have developed clinical software tools and a web application to facilitate 

inspection of metabolite overlays and rapid generation of radiation treatment contours in a 

collaborative manner.  

Use of sMRI aids in the more complete delineation of infiltrative GBMs than is 

possible with standard MRI sequences. Previously, we identified that regions of elevated 

Cho/NAA, specifically with greater than twice the mean value of Cho/NAA in normal 

appearing white matter (NAWM) outside of the radiation treatment fields, were later 

correlated with regions of disease recurrence in 81% of patients [12]. In the same study, 

samples of tissue with high Cho/NAA abnormality were acquired by surgical biopsies and 

were stained to measure SRY (sex determining region Y)-box 2 (Sox2), a transcription 

factor highly correlated with infiltrative tumor. Higher Cho/NAA was strongly correlated 

to elevated Sox2 density (p < 0.0001), even in regions without conventional MRI changes. 

Thus, targeting high-dose radiation to regions of metabolic abnormality based on sMRI 

may delay disease recurrence and improve outcomes in patients with GBM. 

Based on this premise, we initiated a multi-institutional clinical trial utilizing sMRI 

to guide radiation dose escalation for newly-diagnosed GBM patients. In this report, we 

present the initial results of our single-arm pilot study assessing the feasibility, safety and 

efficacy of this treatment approach with high dose radiation to 75 Gy for this patient 

population. 
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2.2 METHODS 

This study was performed across three institutions - Emory University (Atlanta, 

GA), University of Miami (Miami, FL), and the Johns Hopkins University (Baltimore, 

MD) – and was approved by the institutional review boards of all three institutions. The 

study was registered with the National Clinical Trials Network (NCT03137888). 

2.2.1 Eligibility Criteria 

Patients eligible for this study were at least 18 years old, with a newly diagnosed 

WHO grade IV glioblastoma confirmed pathologically by a board-certified 

neuropathologist, were able to undergo MRI scans, had a life expectancy ≥ 12 weeks, 

Karnofsky performance status ≥ 60 [46], had a negative pregnancy test if they were women 

of childbearing potential, and met the following laboratory criteria within 14 days of 

registration: white blood cell count ≥ 3000/µL, absolute neutrophil count ≥ 1500/µL, 

platelet count ≥ 75000/µL, hemoglobin ≥ 9.0 gm/dL, serum glutamic-oxaloacetic acid ≤ 

2.0x the upper limit of normal, bilirubin ≤ 2x the upper limit of normal, and creatinine ≤ 

1.5 mg/dL.  

Exclusion criteria included having pacemakers or other implants that were MRI-

incompatible, history of another invasive cancer that was not in complete remission for ≥ 

3 years, active infection or other serious medical illness, receiving any other investigational 

agents, history of prior cranial radiation, or history of prior medical therapies for brain 

tumors. Once patients were enrolled, they underwent a series of MRI scans as described 

below. Two additional imaging-based exclusion criteria were implemented: a GBM 

located in regions known to have increased magnetic susceptibility and poor sMRI signal 
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(mesial temporal lobe, orbitofrontal cortex, brainstem, or cerebellum), and those with a 

dose-escalated radiation target (defined by Cho/NAA ≥ 2x normal) greater than 65 cc, in 

conformity with the NRG Oncology guidelines where dose-escalated targets with maximal 

dimensions greater than 5cm (corresponding to ~65 cc sphere) were not permitted on the 

BN001 study [42]. 

2.2.2 Image Acquisition 

Enrolled patients underwent standard brain tumor imaging protocols at their 

treatment institution including T1w-CE and FLAIR sequences. Study-specific sMRI scans 

were obtained either in the same sessions as the standard sequences or at a separate 

scheduled session. An echo planar sMRI pulse sequence with GRAPPA parallelization was 

performed on Siemens 3T scanners at each institution using a 32-channel or 20-channel 

head and neck coil (echo time [TE] = 50 ms, repetition time [TR] = 1551 ms, flip angle 

[FA] = 71 degrees) [47-50]. The scan time was 15 minutes with a nominal voxel size of 314 

uL, an FOV of 280 mm x 280 mm x 180 mm, and a matrix size of 50x50x18. After post 

processing, the matrix size is 64x64x32 leading to an interpolated resolution of 4.4 mm x 

4.4 mm x 5.6 mm yielding a voxel size of 108 uL. In the same imaging session, a non-

contrast T1w MRI with 1mm isotropic voxels was obtained. Data from the sMRI and non-

contrast T1w sequences was sent to a centralized location and converted into co-registered 

spatial-spectral data using the MIDAS software suite (University of Miami, Miami, FL) 

[51]. 
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2.2.3 Target Generation 

A centralized target generation process was implemented as previously described 

[52]. Briefly, all imaging data obtained at each institution was sent in the DICOM format, 

and sMRI data sent in the internal format used by MIDAS, to a centralized HIPAA-

compliant server hosted by Emory University. A custom-built web platform, the Brain 

Imaging Collaboration Suite (BrICS), co-registered all the images for each patient into a 

single coordinate system based on the isotropic T1w MRI space. Metabolite and ratio maps, 

including Cho/NAA, were interpolated into the high-resolution space and registered and 

overlaid on anatomic images. The Cho/NAA abnormality index, defined as the fold-

increase in Cho/NAA in a voxel compared to the mean in contralateral NAWM, was 

automatically calculated as previously described to account for scanner and patient 

variations [12,52]. The BrICS software was used to identify and contour the region with a 

Cho/NAA ≥ 2x normal (Figure 2.1a).  

During the centralized review process, a board-certified neuroradiologist and two 

MRS experts and their trainees evaluated the contours and made manual adjustments based 

on spectral quality and anatomy. The neuroradiologist identified any residual enhancing 

disease based on T1w-CE imaging, excluding resection cavity or gross blood; the union of 

residual disease and the Cho/NAA ≥ 2x volume was computed and saved as a target known 

as gross tumor volume 3 (GTV3). Next, two board-certified radiation oncologists, 

including one from the patient’s local institution, reviewed GTV3 and made minor 

adjustments based on anatomy.  
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Figure 2.1. (a) Example subject after gross total resection with only expected linear post-

operative enhancement around the resection cavity on T1w-CE MRI (left). A contour was 

generated in BrICS where the Cho/NAA ≥ 2x normal results in a GTV3 volume of 18.45 

mL (right). This GTV3 received 75 Gy. (b) Summary of the RT target volumes and doses 

used in this study. All doses were delivered in 30 fractions of concurrent dose-painted 

intensity modulated RT. 
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GTV3 was then exported from BrICS in the DICOM-RT format and imported into 

the RT contouring/planning system at the local treating institution (Eclipse/VelocityAI, 

Varian Medical Systems, Palo Alto, CA; MIM, MIM Software, Inc., Beachwood, OH; and 

Pinnacle, Royal Phillips Electronics N.V., Amsterdam, Netherlands). Our certified medical 

physicist assessed the GTV3 overlay and ensured accurate registration. Standard gross 

tumor volume (GTV) targets based on T1w-CE (GTV2) and FLAIR MRI (GTV1) were 

generated by the local radiation oncology team. A margin of 5mm was added to create 

clinical tumor volumes (CTV2 and CTV1) to these two targets to account for microscopic 

invasion of tumor; no CTV margin was added to GTV3 (CTV3=GTV3). Figure 2.1b 

illustrates the three CTV targets and prescribed doses. An additional margin of 3mm was 

added to each CTV during RT planning to generate planning treatment volumes (PTVs) to 

which the RT would be delivered. Figure 2.1a shows an example patient on study with a 

large difference in volume between residual contrast enhancement and the Cho/NAA ≥ 2x 

normal.  The dose volume histogram of each PTV volume as well as the dose cloud used 

to treat this patient and PTV contours overlaid on the patient’s treatment planning CT are 

also shown (Figure 2.2).  
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Figure 2.2. For the patient in Figure 2.1, an RT dose-volume histogram is shown on the 

left for each PTV volume. Overlays of each PTV (PTV1 green line, PTV2 blue line, PTV3 

red line) as well as the radiation dose cloud over the patient’s treatment planning CT are 

shown. 

2.2.4 Treatment Plan 

Patients in this study received RT in 30 fractions using simultaneous integrated 

boost (SIB) technique with three target volumes over 6 weeks (5 fractions per week), along 

with concurrent temozolomide (TMZ) at standard-of-care dosing (75 mg/m2/day, 7 

days/week) during RT. Following a one-month rest period after RT, patients continued 

adjuvant cycles of TMZ (150-200 mg/m2/day days 1-5 every 28 days) per the standard-of-

care as recommended by their treatment team [10]. Due to institutional differences in 

administering adjuvant TMZ, a minimum of 6 cycles of adjuvant TMZ were administered 

by each site unless there were signs of tumor progression or toxicity. Neuro-oncologists at 

each site were given the discretion to treat up to 12 cycles of adjuvant TMZ as long as 

patients were tolerating the treatment.   
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2.2.5 Follow-up 

Patients were followed at least every three months for two years from the start of 

RT. Standard MRIs were obtained every 2-3 months unless shorter intervals were clinically 

indicated. Toxicities were graded according to CTCAE v4.0 and reported to the central 

clinical trials office from all sites. Progression free survival was assessed through follow-

up imaging uploaded to a module within BrICS called the Longitudinal Imaging Tracker 

(BrICS-LIT) and reviewed by a neuroradiologist and the patient’s oncology team [32]. If 

patients received any follow-up surgeries or biopsies, the pathology reports from those 

procedures served as the ground truth for tumor progression. If the report indicates that 

over 20% of sampled specimens contained tumor or that the specimens were positive for 

tumor (without mention of a percentage), the follow-up date immediately preceding the re-

resection/biopsy served as the tumor progression date. There were instances where we 

could not rely on pathology reports due to patients either not having re-resections or having 

surgeries much earlier in their follow-up period. In those cases, we would graph CE-T1w 

and FLAIR lesion volumes, as well as structured reporting scores from the Brain Tumor 

Reporting and Data System (BT-RADS). BT-RADS is a framework used in over 80% of 

neuro-radiology reports at Emory University and spreading to institutions such as Johns 

Hopkins, Duke University, and UCLA [30,53]. By plotting these metrics over the patient’s 

entire post-treatment timeline, we can assess for sudden increases in lesion volumes and 

structured reporting scores. In cases where structured reporting scores increase to 3c 

(increasing tumor burden) or 4 (highly suspicious for tumor), then we would overlay 

radiation dose maps over the co-registered follow-up imaging. If enhancing lesions spreads 

outside of the GTV3 radiation target, then those cases were marked as the disease 
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progression date; otherwise, the enhancing lesion was attributed to mainly radiation 

necrosis. If patients underwent salvage therapies as dictated by the standard-of-care, these 

were reported to the central clinical trial office. Overall survival was assessed through chart 

review and direct communication between the oncology team and patients or their families. 

For patients who left the study to seek care elsewhere, survival follow-up was obtained by 

communication with their new oncologist whenever possible.  

2.2.6 Statistical Analysis 

An as-treated analysis was performed for patients who completed the RT protocol. 

Overall survival from the date of surgery was calculated using the Kaplan-Meier estimator 

[54] with censoring for events not observed using the lifelines survival analysis library 

written in Python [55]. For this analysis, patients were censored at the date of last clinical 

contact or date of admission to hospice care if the date of death was not observed. 

Progression free survival from the surgery date was calculated in a similar manner with 

censoring for patients who had not yet progressed. Patients who died prior to confirmed 

tumor progression had their death date marked as their date of event. If there was a gap 

where interval MRIs were not available with a known date of death, these patients were 

marked as censored at their time of last MRI.  

2.3 RESULTS 

2.3.1 Study Participants 

The study enrolled patients from September 2017 to June 2019. Enrollment 

continued until a total of 30 subjects were deemed eligible and completed dose-escalated 
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RT. A total of 45 patients initially provided informed consent for this study out of which 

38 met initial laboratory and clinical eligibility criteria and underwent sMRI scans per the 

study protocol. Four patients did not meet imaging criteria due to poor quality sMRI scans 

or having the GTV3 target volume greater than the upper limit of 65cc. Two patients 

elected to drop out of the study after being deemed eligible but prior to beginning treatment. 

Of the 32 patients who began RT, two patients opted out of the study during the first two 

weeks of RT. A total of 30 patients successfully completed the dose-escalated RT 

according to protocol. The patient enrollment pipeline is shown as a diagram (Figure 2.3). 

Demographics and clinical data of the 30 patients included in this analysis are shown in 

Table 2.1. Mean/Median age was 56.4/58.9 years and sex showed slight male 

preponderance (19 of 30 patients). 30% (9 of 30) were MGMT hypermethylated and 6.7% 

(2 of 30) harbored an IDH mutation (IDH1 R132H in both cases). These characteristics are 

typical of a random cohort of GBM patients and do not appear to skew our cohort towards 

a more favorable prognosis. It is important to note that since the trial started, the definition 

of GBM has changed to exclude IDH mutant astrocytomas. If post-surgery T1w-CE lesion 

volumes were less than 1 cc, we marked the patient as having a gross total resection, 

otherwise patients were considered to have subtotal resection. Of the 30 patients who 

completed treatment, 11 had a gross total resection while 19 had a subtotal resection prior 

to the start of RT. For the 30 treated patients, the median volume of residual enhancement 

was 1.6 cc (0.0 - 15.4 cc), while the median GTV3, which is the union of residual 

enhancement and Cho/NAA ≥ 2x normal volume was 19.6 cc (0.9 - 65.0 cc).  
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Figure 2.3. Patient enrollment pipeline for this trial. 
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Table 2.1 Subject Demographics and Clinical Data 

 

 

 

 

 

 

 

 

 

 

 

In Figure 2.4, we plotted residual enhancing volume versus GTV3 for every patient 

on the trial to illustrate just how much larger the treatment volumes were for each patient. 

Only five patients on the trial had residual enhancing volume after surgery that was larger 

than 6 cc. It was common to see patients with visible enhancing lesion less than 2 cc and 

their GTV3 volume be larger than 15 cc due to the larger amounts of visible tumor 

unearthed via the Cho/NAA maps. Finally, with respect to use of Tumor-Treating Fields 

  Number of patients (%) 

Demographics   

Age   

< 65 23 (77) 

≥ 65 7 (23) 

Sex   

Female 11 (37) 

Male 19 (63) 

    

Genetics   

MGMT Methylation   

Wild-type 22 (73) 

Hypermethylated 8 (27) 

Not provided 0 (0) 

    

IDH Mutation   

Wild-type 28 (93) 

Mutated 2 (7) 

Not provided 0 (0) 

    

Pre-RT Surgery 
 

Gross Total Resection 

(GTR) 

11 (37) 

Subtotal Resection (STR) 19 (63) 
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(TTFs), no study patients used TTF as part of their initial management of GBM. Two 

patients did opt to be treated with TTF at salvage 13-14 months after their initial diagnosis.  

 

Figure 2.4. Scatter plot of GTV3 volume vs residual T1w-CE volume for each patient on 

the trial. While there isn’t a clear correlation between T1w-CE and GTV3 volume, the 

GTV3 volume is consistently larger than the T1w-CE volume.  

2.3.2 Survival Analysis 

At the time of analysis, 16 patients had died. With a median time of 21.4 months to 

last follow-up for censored patients, the median overall survival (OS) was 23.0 months for 

the 30 patients that completed our protocol (Figure 2.5a). The median progression free 

survival (PFS) was 16.6 months, with 18 patients being marked as progressed and the 

remaining 12 patients censored due to either the patient not progressing yet or being lost to 

follow-up (Figure 2.5b).  
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Figure 2.5. Kaplan-Meier estimator for (a) overall survival (OS) with median of 23.0 

months and (b) progression free survival (PFS) with median of 16.6 months are shown. 

95% confidence intervals are included (grayed out area).    
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2.3.3 Radiation Treatment Effects 

Pseudoprogression is a phenomenon where new or increasing enhancement on 

T1w-CE MRIs appear to indicate tumor progression, but in fact represents treatment-

related changes. This usually occurs early after RT ( 3 months) with the enhancing 

changes eventually subsiding with no alteration in treatment. Radiation necrosis is a 

phenomenon where tissue within and surrounding regions with malignant glioma 

experiences a severe reaction to radiation, generally occurring 3-12 months after RT, and 

is also visualized as new or increasing enhancement on T1w-CE MRIs [56]. In fact, this 

effect may be indistinguishable from pseudoprogression on MRI except by its timing and 

can also be termed “late pseudoprogression.” We show two examples of these phenomena 

where pathologic confirmation was obtained (Figure 2.6). In Case #1, residual 

enhancement was noted at one-month post-RT (Figure 2.6a) with further increases over 

the ensuing four months (Figure 2.6b) indicating possible refractory tumor or 

pseudoprogression. Repeat resection was performed with histologic confirmation that the 

residual enhancement was, in fact, 100% necrosis, suggesting a treatment-induced 

response (Figure 2.6c). In Case #2, standard MRI appears to show recurrence eight months 

after completion of RT (Figure 2.6d-e). However, a repeat resection showed that the 

enhancing tissue was nearly all (99%) necrosis (Figure 2.6f). Due to the longer time after 

completion of RT, the enhancing lesion in the second case was called radiation necrosis. 

Because pathologic confirmation was not obtained in all cases of possible 

pseudoprogression and/or radiation necrosis, accurate assessment of true progression and 

progression free survival (PFS) was difficult to precisely determine. In this initial report, 
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we do present PFS, but plan to report the methodology of determining progression in more 

depth in a later report based on more detailed dose-response and local control analyses.  

 

Figure 2.6. Examples of two cases with “late pseudoprogression,” or radiation necrosis are 

shown. [Case #1] (a) At 1-month post-RT, residual enhancement is seen on T1w MRI 

within the pink PTV3 contour. (b) At 5 months post-RT, residual enhancement has 

increased, but the relative cerebral blood volume (rCBV) map on dynamic susceptibility 

contrast (DSC) perfusion MRI shows minimal to no perfusion. (c) Repeat resection 

demonstrated 100% necrosis on H&E-stained sections. [Case #2] (d) At 1-month post-RT, 

there is primarily linear, post-operative enhancement on T1w-CE MRI within the red PTV3 

contour. (e) At 8 months post-RT, increasing enhancement is seen at periphery of cavity. 

The DSC perfusion MRI again shows no definitive hyperperfusion. (f) Repeat resection 

again found predominantly (99%) necrosis on H&E-stained sections. 
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2.3.4 Toxicity 

Of the 30 patients who received dose-escalated RT, 11 patients experienced grade 

3 or greater toxicity that was judged to be at least possibly attributed to their treatment. Of 

the 30 grade 3 or higher toxicities reported, 13 were thought to be at least possibly related 

to treatment. Five grade 3 toxicities occurred during adjuvant TMZ and were believed to 

be due mainly to TMZ rather than radiation. Three grade 3 toxicities occurred during the 

follow-up phase at least 1 year after RT. The three remaining grade 3 toxicities and two 

grade 4 toxicities occurred during RT/concurrent TMZ consisted of thrombocytopenia (2 

cases), neutropenia, increased LFTs, and generalized weakness, with all except one case 

attributed to TMZ. As is evident by the listing of grade 3 or greater toxicities for our study 

cohort (Table 2.2), the majority of these toxicities were judged to be related to TMZ rather 

than dose-escalated RT.  

Table 2.2. Grade 3 or Greater Toxicities At Least Possibly Due to Therapy 

Category Grade 3 Grade 4 

No. % No. % 

Thrombocytopenia 4 13.3 1 3.3 

Neutropenia 0 

 

1 3.3 

Transaminitis 1 3.3 0 

 

Hypokalemia 1 3.3 0 

 

Muscle weakness 2 6.7 0 

 

Fatigue 1 3.3 0 

 

Headaches 1 3.3 0 
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2.4 DISCUSSION 

GBM is a highly aggressive brain tumor with patients having a relatively poor 

median OS of only 16 months with standard therapies. While radiation can improve 

survival outcomes for patients with GBM, we hypothesize that dose-escalated radiation 

guided by Cho/NAA maps may further improve OS by treating a much larger extent of 

infiltrating, non-enhancing tumor. While other trials such as SPECTRO-GLIO attempted 

to similarly administer high-dose radiation based on the Cho/NAA ratio, we used an sMRI 

sequence that acquired images at a higher resolution, better SNR, and improved brain 

coverage. With that, our goal was to create a clinically translatable treatment pipeline from 

image acquisition to generation of high-dose radiation targets that could be inspected and 

assessed in a collaborative manner. Towards this goal, we demonstrate the clinical 

feasibility and early outcomes of sMRI-guided, dose-escalated radiation treatment for 

GBM. The volumetric sMRI acquisition had a scan time of 15 minutes and fit seamlessly 

with other clinical scans. Only 3 patients on our trial were excluded from starting treatment 

due to poor sMRI signal quality from patient motion. We are now developing the next 

version of the sequence with motion correction to overcome this issue. Raw data from the 

sMRI scan was transferred and processed before metabolite heat maps were generated in 

BrICS for visual assessment and contour generation. Clinicians and researchers from 

remote sites were easily able to login to BrICS and generate GTV3 treatment volumes 

collaboratively in real-time, as well as manually edit the contours per physician’s 

discretion. With a turnaround time of 1.5 days from scan time to upload of GTV3 to 

standard RT planning systems [52], our workflow fit effortlessly into standard clinical 

procedures.  
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With a significantly larger volume of brain tissue also receiving a higher radiation 

dose, patient toxicity reports were carefully assessed for any negative responses to 

treatment. Of the 17 grade 3 or higher toxicities that occurred in 11 patients, all but one 

toxicity was attributed to TMZ, with the other toxicity being attributed to a combination of 

RT and TMZ. In the NRG-BN001 study, 229 patients were enrolled in the photon 

comparison randomized in a 1:2 fashion with treatment consisting of standard versus dose-

escalated RT. The arm receiving dose-escalated RT, had a 75 Gy radiation dose 

administered to residual enhancement (including the resection cavity), while our trial used 

the union of Cho/NAA ≥ 2x and residual enhancement as the GTV3 target volume 

receiving 75 Gy. Preliminary findings from the BN001 study found no significant 

difference in grade 3 toxicity between patients who received dose-escalated RT and those 

who received standard RT [42], supporting our assertion that overall toxicity was not 

excessive. 

Not unexpectedly, we did identify instances of radiation necrosis that were 

confirmed pathologically. However, symptoms were well managed with steroids, when 

necessary, and did not result in serious toxicities prior to their repeat resections. An optimal 

treatment plan for patients will always be a balance between increasing tumor control while 

minimizing potential risks of toxicity. While we are likely to see a slightly higher incidence 

of radiation necrosis with a dose-escalated RT treatment regimen, both our current results 

and the preliminary results of NRG-BN001, suggest that a radiation dose of 75 Gy in 30 

fractions to a select volume for GBM patients is tolerable overall despite an increased 

necrosis risk. We hypothesize that the escalated dose used on NRG-BN001 that focused 

only on the resection cavity and contrast enhancing residual may have been of lesser benefit 
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since it is less likely to target the full extent of tumor compared to our sMRI-guided 

contours.  

2.5 CONCLUSION 

Ultimately, our goal in this study was to demonstrate the clinical feasibility of 

utilizing Cho/NAA ≥ 2x normal to guide radiation dose escalation in newly-diagnosed 

GBM patients. Through software suites and web applications like MIDAS and BrICS, we 

were able to generate GTV3 treatment volumes in a rapid manner with collaborative 

decision making among multisite investigators. Median OS in this study was 23.0 months 

with an appropriate toxicity profile, which compared favorably to 16 months for standard 

therapies [6,38,39]. Preliminary results from the NRG-BN001 study show a median OS of 

18.7 months for dose-escalated patients and 16.3 months for patients on standard treatment. 

The improved specificity at identifying infiltrative tumor by utilizing sMRI has led to a 

median OS that is potentially longer than even the high-dose treatment arm in NRG-

BN001, albeit with a sample size that is smaller. We have also determined a median PFS 

of 16.6 months, which is significantly longer than previously reported and even approaches 

median OS with standard therapies [6]. Based on these promising results, a randomized 

phase II trial is in development within ECOG-ACRIN (EAF211) that seeks to more 

definitively determine the efficacy of sMRI-guided dose-escalated RT. 
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Chapter 3. Spectroscopic MRI-Based Biomarkers Predict 

Survival for Newly Diagnosed Glioblastoma in a Clinical Trial 

3.1 INTRODUCTION 

Glioblastoma is the most common malignant primary brain tumor in need of novel 

treatment strategies due to its poor prognosis [10]. Despite improvements in the standard of 

care for glioblastoma patients, it is challenging to identify the extent of tumor infiltration 

with T1-weighted contrast-enhanced (T1w-CE) MRI and T2-weighted fluid-attenuated 

inversion recovery (FLAIR) MRI which are currently used to determine the targets of 

radiation therapy [14]. Glioblastomas are characterized by a compromised blood-brain 

barrier and leaky vasculature, which can be identified by a gadolinium-based contrast agent 

in T1w-CE scans. FLAIR is used to identify tumor, edema, inflammation, and radiation 

effects but is not specific to tumor [15,57]. The combination of imaging methods may not 

identify the full extent of tumor infiltration, resulting in undertreatment during radiation 

therapy. The standard of care radiation therapy target is the residual contrast enhancing 

contour and resection cavity treated with 60 Gy with a lower dose to the surrounding 

FLAIR abnormality [41]. Temozolomide is given concurrently during and after radiation. 

This treatment results in a median overall survival (OS) of 16 months and median 

progression-free survival (PFS) of 4-7 months in historical cohorts [10,40,58]. 

To better identify infiltrative tumors for treatment targeting, members of our group 

have been developing a whole-brain, high resolution, 3D echo-planar magnetic resonance 

spectroscopic imaging (MRSI) sequence that we have termed “spectroscopic MRI” (sMRI) 

[47-50]. Tumor cell metabolism differs from healthy brain tissue metabolism in that there 
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are increased choline and reduced N-acetylaspartate levels in proliferating tumor cells. The 

ratio of choline to N-acetylaspartate (Cho/NAA) has been shown to be a highly specific 

tumor biomarker by image-histology correlation studies and predated tumor recurrence 

patterns [12]. 

We recently reported results from a multisite clinical study (NCT03137888) where 

30 newly diagnosed glioblastoma patients were treated with escalated dose radiation (75 

Gy) guided by the Cho/NAA abnormality on spectroscopic MRI. This treatment paradigm 

resulted in a median OS of 23.0 months and PFS of 16.6 months, a significant improvement 

from patients treated with standard of care radiation therapy dosing [21]. 

In this report, we perform a retrospective analysis of the data from our previously 

mentioned clinical study. We aim to assess spectroscopic MRI-based biomarkers of patient 

OS and PFS. Because historical results show that extent of resection (EOR) and residual 

contrast-enhancing volume are factors that correlate with survival, we hypothesize that 

incorporating metabolic information from spectroscopic MRI will better predict survival 

outcomes. More specifically, we predict that patients with more residual spectroscopic 

abnormality will have worse survival outcomes. We tested this using the Kaplan-Meier 

estimator for predicting PFS and OS and analyzed the difference in survival distributions 

based on the residual contrast-enhancing and spectroscopic MRI-based volumes. 

3.2 METHODS 

3.2.1 Description of tumor volume determination/target generation 
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Patients enrolled in this study had pathologically confirmed newly diagnosed 

World Health Organization (WHO) grade IV glioblastoma, which at the time of enrollment 

included isocitrate dehydrogenase (IDH) mutant patients. In 2021, the WHO definition of 

grade IV glioblastoma excluded IDH mutants [59]. In accordance with the updated 

definition, we performed our analysis excluding the two IDH mutant patients (n=28). 

Further trial details including patient selection and sample selection, as well as initial 

outcome results for all 30 enrolled patients, have been previously reported [21]. The patients 

in this study provided informed consent for participation according to the institutional 

review board at each participating institution, and each institutional review board approved 

this study. After surgical resection and prior to beginning radiation therapy, a spectroscopic 

MRI was acquired in addition to standard MRI (T1w-CE and FLAIR MRIs). Spectroscopic 

MRIs were acquired on Siemens 3T scanners at each institution with an echo planar 

spectroscopic imaging pulse sequence with GRAPPA parallelization. Either a 20- or 32-

channel head and neck coil was used with TE = 50 ms, TR = 1551 ms, and FA = 71° [21]. 

Scans were processed and registered to anatomic T1 MRIs for each patient before radiation 

treatment planning [51,60-63].  

Pre-resection scans were obtained 0-18 days before surgery, and post-resection 

scans were obtained approximately 3-4 weeks after surgery and 1 week prior to the 

radiation therapy start date. For treatment planning, the contrast-enhancing regions of the 

pre-resection T1w-CE including necrotic centers were contoured. The residual postcontrast 

enhancement (rENH) tumor volume was semi-automatically generated on the Brain 

Imaging Collaboration Suite using the previously reported method by contouring only the 

contrast-enhancing regions of the T1w-CE scan for each patient inside of FLAIR envelope, 
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excluding the resection cavity [52,64]. All rENH volumes were checked and, if necessary, 

edited by a board certified neuroradiologist. The Brain Imaging Collaboration Suite also 

automatically generated a spectroscopic MRI contour for Cho/NAA ≥ 2x, which was then 

manually edited by site MRS experts based on spectral quality. The gross tumor volume 3 

(GTV3) was calculated for each patient by combining the rENH volume with the Cho/NAA 

≥ 2x volume to determine the escalated dose target. The GTV3 contours were inspected 

and approved by two board-certified radiation oncologists (one of them was the treating 

physician). This workflow was published in Gurbani et al. [52]. 

Briefly, for each patient enrolled, radiation treatment contours were guided by 

standard MRIs and spectroscopic MRI data as follows: FLAIR abnormal regions of the 

brain received 50.1 Gy of radiation, the resection cavity received 60 Gy, and the GTV3 

contour received a boosted 75 Gy of radiation [52]. After completing radiation therapy, 

imaging was acquired every 2-3 months as per standard practice. This follow-up imaging 

was used to determine PFS, and OS was determined through chart review and 

communication between patients, their families, their oncology team, and published 

obituaries [21]. In this report, OS and PFS were calculated as of 17 months after completing 

enrollment of the last patient. 

In Figure 3.1, an example patient from the completed clinical trial is shown. This 

patient had a gross total resection (GTR) with no residual enhancing tumor. For this patient, 

standard of care would have used the resection cavity with a margin for high-dose radiation 

(60 Gy). This figure demonstrates how even when using a 20 mm margin, some abnormal 

tissue in the GTV3 volume detected by spectroscopic MRI is left out. Further, most clinical 
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practices use a margin between 5 and 10 mm, which would have left out significant tumor 

that spectroscopic MRI can detect. It is important to note that the Dice similarity 

coefficients in the figure show how much of the cavity + margins overlap with the GTV3 

contour. In addition, using large, homogeneous margins can lead to unnecessary treatment 

of healthy tissue with high-dose radiation. We calculated the percentages of volumes that 

would be outside of the GTV3 contour. For a 5, 10, and 20 mm expansion beyond the 

cavity, 41.3%, 49.7%, and 74.9% of each volume would fall beyond the GTV3 volume, 

respectively. While there is some overlap between standard of care high-dose targets and 

our GTV3 target, a target guided by spectroscopic MRI illustrates metabolically active 

tumors undetected by T1w-CE. 

 

Figure 3.1. A comparison of an example gross tumor volume 3 (GTV3) treatment volume 

to the resection cavity with standard of care margins. Due to no residual enhancing tumor, 

standard of care would involve treating the cavity with a margin. (A) An axial view of the 
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Vol: 18.5 cc
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GTV3 contour (green) that extends past the resection cavity (blue), resection cavity with 5 

mm margin (yellow), 10 mm margin (orange), and 20 mm margin (red). (B) This 3D view 

of the GTV3 contour shows a small amount of infiltrating tumor (arrow) that extends even 

past the 20 mm margin. (C-E) 3D views of the resection cavity with various margins and 

volumes calculated. A Dice overlap score was calculated between each margin and GTV3. 

For (C), (D), (E), and (F), the Dice scores were 0.18, 0.47, 0.59, and 0.40, respectively. 

The percentages of volumes in (C), (D), (E), and (F) which are not included in (B) were 

37.4%, 41.3%, 49.7%, and 74.9% respectively. 

In Figure 3.2, two subjects are shown, where Case 2 is the same patient shown in 

Figure 3.1. The vast difference in rENH and GTV3 contour volumes for the two subjects 

is shown here, particularly in Case 2 where the volume of residual enhancement was 0 cc. 

Both contours are also rendered in 3D to emphasize the spatial differences between the 

rENH and GTV3 contours.  

 

Figure 3.2. Two sample cases are shown. In the first case, the first column shows the 

residual postcontrast enhancement (rENH) contour with a volume of 12.11 cc, overlaid on 

the T1-weighted contrast-enhanced (T1w-CE) MRI (first row) for a 54-year-old female 

glioblastoma patient. The second column shows the gross tumor volume 3 (GTV3) contour 

over 5 times larger than rENH with a volume of 63.37 cc. The second row is a three-

dimensional rendering of both contour volumes overlaid on a T1 precontrast image. In the 
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second case of a 56-year-old female glioblastoma patient, there is no residual contrast 

enhancement visible on the T1w-CE MRI, whereas the GTV3 volume is 18.45 cc. 

3.2.2 Surgical resection classification 

EOR was calculated based on the percent change between the pre-operative 

contrast-enhancing tumor volume and the rENH volume. When EOR ≥ 95%, the surgery 

was classified as gross total resection (GTR), while an EOR < 95% was considered subtotal 

resection (STR), excluding biopsy. A secondary method of surgical resection classification 

was also used, in which resection was classified as GTR if the rENH volume was ≤ 1.5 cc 

or STR if > 1.5 cc. Surgery classification by EOR and rENH volume was used to compare 

the 28 patients considered in this analysis to patients in large historical cohorts [6,38,65]. 

3.2.3 Statistical analysis/survival analysis 

The Kaplan-Meier estimator was used to calculate survival curves based on OS and 

PFS, with survival measured as the time between surgical resection for each patient and 

their recorded OS and PFS dates [54]. Patients were first stratified into two groups using 

median rENH and median GTV3 volumes. Each Kaplan-Meier curve was compared using 

a log-rank test to determine differences between patients with rENH volumes greater than 

and less than the median rENH volume, and patients with GTV3 volumes greater than and 

less than the median GTV3 volume with regards to OS and PFS. Linear regression was 

performed and the associated R2 value was used to determine any correlation between the 

rENH and GTV3 volumes, which would confound any comparisons. Statistical analysis 

was conducted using the Python lifelines analysis library [55]. The secondary analysis 

performed in this report was approved by the institutional review boards at each institution. 
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3.3 RESULTS 

Of the 30 patients included in the original study, 2 had IDH mutations (IDH1 R132H) 

and 9 were MGMT hypermethylated. As reported previously, 16 patients had died with a 

median OS of 23.0 months [21]. Excluding the 2 IDH mutant patients, the median time to 

follow-up for censored patients was 22.4 months (5.7 – 30.1 months) and the median PFS 

was 16.2 months, as shown on a Kaplan-Meier curve in Figure 3.3. The median age for 

the 28 patients was 59.3 years with a range of 38.1 – 71.6 years (minimum – maximum) 

and there were 10 females and 18 males. Without the two IDH mutant patients, the median 

OS becomes 21.6 months and the median PFS becomes 16.2 months. 

 

Figure 3.3. Kaplan-Meier survival curve of progression-free survival (PFS) for the 28 IDH 

wild type patients included in this analysis. The median PFS is 16.2 months and median 

time to follow-up is 22.4 months. 
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The volume of high-risk disease remaining should be a predictor of survival 

outcomes for glioblastoma patients. EOR or rENH are classic ways to identify the amount 

of high-risk disease and have been shown in multiple previous studies to be correlated with 

both OS and PFS. 12 of 28 patients in our cohort had GTR (defined by either EOR ≥ 95% 

or rENH ≤ 1.5cc), shown in Table 3.1. Using this cutoff (GTR versus less than GTR), we 

did not find a significant difference in survival outcomes. However, pre-treatment 

spectroscopic MRI scans present the opportunity to apply additional criteria for identifying 

high-risk disease that may be superior to rENH alone.  

Table 3.1. Classification of all 28 patients based on extent of resection (EOR) and residual 

postcontrast enhancement (rENH) volume.  

 

 

 

 

 

 

 

On our pilot study, GTV3 volume was hypothesized to provide a better 

representation of residual high-risk disease than rENH alone. For our cohort, median rENH 

was 2.1 cc (range: 0.0 – 15.4 cc) and median GTV3 was 19.2 cc (range: 0.9 – 65.0 cc). The 

GTV3 volumes were always greater than rENH volumes (median of 8.2 times larger). In 

 Classification 

Number (%) of 

patients 

EOR 

GTR (EOR ≥ 95%) 12 (42.9%) 

STR (EOR < 95%) 11 (39.3%) 

rENH 

GTR (rENH ≤ 1.5 cc) 13 (46.4%) 

STR (rENH > 1.5 cc) 15 ( 53.6%) 
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Figure 3.4, a scatterplot of rENH vs GTV3 volumes for each patient indicates a low 

correlation between the volumes (R2=0.127, p=0.063). 

 

Figure 3.4. Gross tumor volume 3 (GTV3) and residual postcontrast enhancement (rENH) 

plot indicating low correlation between the two volumes based on R2=0.127 (p=0.063). 

The horizontal blue line indicates the median GTV3 volume (19.2 cc), and the vertical 

orange line indicates the median rENH volume (2.1 cc). 

 

Figure 3.5 shows Kaplan-Meier curves for OS and PFS using the rENH and GTV3 

volumes as predictive markers. Figures 3.5A and 3.5B show Kaplan-Meier curves for OS. 

In Figure 3.5A, the 28 patients are stratified by those with an rENH volume below and 

above the median (2.1 cc). Similarly, in Figure 3.5B, the 28 patients are stratified by those 

with a GTV3 volume below and above the median (19.2 cc). The difference in medians for 

the groups stratified by rENH is 1.7 months (p=0.373), while the difference in medians for 
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the groups stratified by GTV3 is 10.3 months (p=0.020), indicating that GTV3 volume is 

a significant biomarker of OS. For patients with rENH < 2.1 cc, the median OS was 23.0 

months; for rENH > 2.1 cc, the median OS was 21.3 months. For patients with GTV3 < 

19.2 cc, the median OS was 23.0 months; for GTV3 > 19.2 cc, the median OS was 17.1 

months. 

Figures 3.5C and 3.5D show Kaplan-Meier curves for PFS using the same 

predictive markers as the OS graphs. The difference in medians for the groups stratified by 

rENH is 6.2 months shown in Figure 3.5C (p=0.286), while the difference in medians for 

the groups stratified by GTV3 is 11.4 months shown in Figure 3.5D (p=0.019), indicating 

that GTV3 volume is a better predictive marker for PFS. For patients with rENH < 2.1 cc, 

the median PFS was 19.0 months; for rENH > 2.1 cc, the median PFS was 12.8 months. 

For patients with GTV3 < 19.2 cc, median PFS was 24.0 months; for GTV3 > 19.2 cc, the 

median PFS was 12.6 months. 
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Figure 3.5. (A) Kaplan-Meier survival curve for overall survival (OS) stratified into equal 

groups by the median residual contrast enhancing (rENH) tumor volume (2.1 cc). The 

median OS for patients with rENH > 2.1 cc is 21.3 months, and the median for OS for 

patients with rENH < 2.1 cc is 23.0 months. (B) Kaplan-Meier survival curve for OS 

stratified into equal groups by the median gross tumor volume 3 (GTV3) (19.2 cc). The 

median OS for patients with GTV3 > 19.2 cc is 17.1 months, and the median OS for patients 

with GTV3 < 19.2 cc is 23.0 months. (C) Kaplan-Meier survival curve for progression free 

survival (PFS) stratified into equal groups by the median rENH tumor volume (2.1 cc). The 

median PFS for patients with rENH > 2.1 cc is 12.8 months, and the median PFS for 

patients with rENH < 2.1 cc is 19.0 months. (D) Kaplan-Meier survival curve for PFS 

stratified into equal groups by the median GTV3 (19.2 cc). The median PFS for patients 

with GTV3 > 19.2 cc is 12.6 months, and the median PFS for patients with GTV3 < 19.2 

cc is 24.0 months. 
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In this paper, we have used data from a clinical trial using spectroscopic MRI to 

guide dose escalation therapy to glioblastoma to assess the relationship between rENH 

tumor, metabolically active tumor as detected by spectroscopic MRI, and survival 

outcomes (PFS and OS) to determine if residual spectroscopically abnormal tumor (GTV3) 

was a biomarker for survival. For every subject, the rENH volume was smaller than 

residual non-enhancing tumor that was detected using spectroscopy, since GTV3 contains 

both residual enhancing tumor and non-enhancing metabolically active tumor. 

Additionally, there was low correlation between GTV3 and rENH volumes (R2=0.127). 

The lack of a linear relationship between the volumes is further supported by the 

insignificant p-value (p=0.063). 

The amount of residual spectroscopically abnormal tumor, as measured by the GTV3 

volume, was a statistically significant biomarker for both OS (p=0.020) and PFS (p=0.019). 

We hypothesize that these results are attributed to the metabolically active tumor within 

the GTV3 volume that is not accounted for in the rENH volume. The large gap and lack of 

crossover between the GTV3-stratified Kaplan-Meier curves suggest that GTV3 is a better 

indicator of OS and PFS than rENH in this patient cohort. For this reason, GTV3 may be 

a better predictor of PFS and OS because it more accurately reflects how much non-

infiltrating tumor is left post-resection. It also provides more precise targeting compared to 

adding a 1-2 cm margin around the resection cavity for the high dose target, allowing high 

radiation doses to be used with decreased risk of damaging healthy tissue. Unlike prior 

studies, there was no relationship between rENH and survival or EOR and survival [12]. 

This result may be attributed to the relatively low amounts of residual contrast-enhancing 
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tumor on most patients in this study due to aggressive resection or higher radiation doses 

given to these regions. 

For this study, the EOR classified using rENH volume (using a threshold of 1.5 cc) 

or EOR percentage (using a threshold of 95%) was similar to large historical cohorts such 

as RTOG 0825 (637 patients), AVAGlio (921 patients), and EF-14 (695 patients) [6,38,65]. 

A 2005-2010 study of 128 patients from Cleveland Clinic reported a similar distribution 

based on rENH and EOR [66]. Their study resulted in a median survival of 16 months for 

patients with rENH ≤ 1.5 cc and a median survival between 14 and 15 months for patients 

with EOR ≥ 95%. Spectroscopic MRI-guided dose-escalation resulted in a median survival 

of 23 months for patients with rENH ≤ 1.5 cc and a median survival of 27 months for 

patients with EOR ≥ 95%, which are more favorable outcomes. Similar studies have been 

previously reported, often with factors such as GTR versus STR, diffusion, or other 

volumes. Haj et al. perform a survival analysis between patients that received GTR versus 

STR [67]. They identified a 4-month difference in OS (GTR = 18.5 months, STR = 14.5 

months) and a 1.6-month difference in PFS (GTR = 9.4 months, STR = 7.8 months). Awad 

et al. performed a survival analysis using only EOR and a combination of EOR and pre-

resection contrast enhancing volume [68]. Their EOR-only comparison failed to identify a 

relationship with survival outcomes; however, their EOR/pre-resection contrast enhancing 

volume comparison was identified as a significant predictor of patient survival. Compared 

to the studies mentioned above, the number of patients in our trial is smaller and a larger 

study is warranted for fairer comparisons.   



 46 

Limitations of this analysis include the relatively small cohort size, a treatment 

paradigm which was not clinical standard of care, and data from only 3 clinical sites. More 

data is needed to determine if the amount of spectroscopically abnormal residual tumor 

after resection continues to have this predictive effect in larger patient groups, but this 

preliminary data is supportive of further study of using the extent of metabolically 

abnormal tissue to predict patient outcomes. 

3.5 CONCLUSION 

Due to the infiltrative nature of glioblastoma, T1w-CE and FLAIR MRIs may not 

optimally characterize the extent of tumor, resulting in undertreatment during radiation 

therapy. Our goal was to use data from a previously performed clinical trial to determine 

how spectroscopic MRI-based biomarkers predicted PFS and OS for patients in the trial. 

In this group, the volume of spectroscopically abnormal tissue (GTV3) was a statistically 

significant biomarker of both OS and PFS and performed superior to the extent of resection 

and residual enhancing tumor. The results of this analysis support using spectroscopic MRI 

to guide high-dose radiation and suggest that the non-enhancing component of 

glioblastoma is an important biomarker of survival and should be treated accordingly. 
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Chapter 4. The Longitudinal Imaging Tracker (BrICS-LIT): a 

cloud platform for monitoring treatment response in 

glioblastoma patients 

4.1 INTRODUCTION 

Glioblastoma (GBM) is the most aggressive primary brain tumor in adults, with a 

two-year survival around 17% [69]. The standard of care includes surgical resection 

followed by high-dose radiation therapy (RT) and chemotherapy [6,40]. Despite these 

aggressive therapies, median progression free survival remains 5-7 months post-

chemoradiation [58]. After initial chemoradiation, patient monitoring is guided by standard 

MR imaging performed at routine intervals, typically 2-3 months, to monitor disease 

progression. However, there is often considerable overlap between treatment effects and 

tumor progression in follow-up imaging, making it difficult to discern post-treatment 

radiation effects (pseudoprogression) from true progression [23,24]. Lack of quantitative 

longitudinal tracking hinders appropriate clinical decision making and slows the 

development of new treatments. A quantitative system that quantifies patient condition 

post-treatment has the potential to guide management decisions, improve patient outcomes, 

reduce treatment cost, and validate novel treatment strategies. 

Disease specific structured reporting attempts to reduce variability in clinical 

imaging results by implementing pre-defined outcome categories, well-defined imaging 

criteria, and standardized language [25,26]. Such a framework has been implemented in the 

monitoring of disease in other organ systems including breast imaging (BI-RADS), neck 

imaging (NI-RADS), and prostate imaging (PI-RADS) [27,70,71]. In particular, the BI-

https://scholar.google.com/citations?view_op=view_citation&hl=en&user=CroncT8AAAAJ&sortby=pubdate&citation_for_view=CroncT8AAAAJ:UeHWp8X0CEIC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=CroncT8AAAAJ&sortby=pubdate&citation_for_view=CroncT8AAAAJ:UeHWp8X0CEIC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=CroncT8AAAAJ&sortby=pubdate&citation_for_view=CroncT8AAAAJ:UeHWp8X0CEIC
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RADS framework has found considerable success in decreasing interobserver variability 

and predicting malignancy for patients with suspicious lesions in the breast [28,29]. The 

poor prognosis associated with brain tumors raises the stakes for clear and accurate 

radiology reporting, as there may be limited opportunities to make changes in clinical 

management. Further, the desire to standardize assessment of brain tumor response has 

been discussed extensively for several years. The FDA, along with organizations such as 

the Brain Tumor Imaging Standardization Committee and National Cancer Institute (NCI) 

have reached a consensus in the past that although overall survival (OS) is the current gold 

standard for determining treatment efficacy, a structured framework is necessary for “the 

accuracy of determining true response to a particular therapy” [72]. Multiple response 

criteria have been developed to assess brain tumors, including the Levin, World Health 

Organization (WHO), MacDonald, and the Response Assessment in Neuro-Oncology 

(RANO) criteria. Although RANO is widely used in the research setting, it has not yet 

achieved wide clinical adoption in radiology reports because of complex interpretation 

criteria, need for multiple manual measurements, high inter-observer variability, and 

limited understanding among practicing physicians [73-77].  

Clinicians at Emory University developed the Brain Tumor Reporting and Data 

System (BT-RADS) to address some of the clinical hurdles that previous reporting systems 

face [30,53,78]. The BT-RADS framework involves multiple metrics to generate a disease 

score, including volumetric measurements based on contrast enhanced T1 weighted (CE-

T1w) MRIs and T2-weighted fluid-attenuation inversion recovery (FLAIR) MRIs. While 

BT-RADS has grown in popularity at Emory and other institutions, physicians need 

timesaving, accurate metrics to assist with scoring and objectivity. In order to assist 
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physicians with implementing BT-RADS into standard clinical workflows, we developed 

a web application known as the Longitudinal Imaging Tracker (LIT). LIT is built as a 

module on top of our previously described platform, the Brain Imaging Collaboration Suite 

(BrICS) [52]. Within LIT, clinicians can simultaneously view T2 FLAIR and CE-T1w 

MRIs for up to five timepoints and scroll through slices of each volume together. Images 

are automatically co-registered and interpolated to allow for easier visualization and 

tracking. LIT is also designed to interact with REDCap databases [79] using an API to 

retrieve de-identified metadata that are relevant to BT-RADS scoring. Further, LIT 

contains semi-automated segmentation algorithms to calculate lesion volumes in both T2 

FLAIR and CE-T1w MRIs. Incorporating such algorithms and visualization features could 

lead to more objective and less variable volumetric assessments, improve adoption of the 

BT-RADS structured reporting system for monitoring GBM, and generate sensitive 

metrics to discern tumoral recurrence in clinical and research settings. We plan on using 

LIT to assess the efficacy of an interventional pilot study where metabolic abnormalities, 

detected by spectroscopic MRI, were used to guide a boosted RT dose in patients with 

GBM (NCT03137888) [80]. In this paper, we describe the architecture and features that 

LIT offers as well as demonstrate its potential in monitoring GBM patients after initial 

treatment through example cases from our clinical trial that has recently completed accrual. 

4.2 METHODS 

4.2.1 Software Architecture  

To implement BT-RADS criteria in an objective fashion, we developed a new 

module for our BrICS web-based imaging platform called the Longitudinal Imaging 

https://clinicaltrials.gov/ct2/show/NCT03137888
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Tracker (LIT) [52]. LIT consists of a server-side module that handles image processing and 

storage, and a frontend user interface. The LIT backend uses C++ and PHP scripting 

languages that leverage the Insight Toolkit’s (ITK) image processing library [81,82]. Many 

of LIT’s algorithms such as segmentation, registration, interpolation, and interconversion 

of images between DICOM and other formats use ITK’s well-established library. LIT also 

leverages many of the inherent advantages of BrICS, including a lightweight browser client 

with a JavaScript frontend, which ensures that medical staff do not need to download any 

additional software to use it, a feature of key importance in clinical practice where 

installation of standalone applications is undesirable.  

Users can import CE-T1w and FLAIR DICOM images, which are then 

automatically co-registered using 3D versor rigid registration, and aligned using trilinear 

interpolation [83]. Users can select five different time points and observe changes in FLAIR 

abnormality or CE-T1w enhancement (Figure 4.1) as well as overlay radiation dose clouds 

(Figure 4.2). While the module helps users visualize patient images for longitudinal 

tracking, segmentation algorithms are necessary to quantitatively report imaging 

abnormalities. With LIT, users can easily monitor changes in imaging at a three-

dimensional level rather than simply using representative 2-D slices, which would improve 

objectivity when assessing a patient’s overall disease-state [84,85]. 
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Figure 4.1. An example GBM patient enrolled in our dose escalation trial at Emory site. 

Follow-up images are displayed from the earliest date on the far right (pre-RT) to the most 

recent date on the left. T2 FLAIR (top row) and CE-T1w MRIs (bottom row) are co-

registered and interpolated to allow for simultaneous scrolling through all slices.     

 

Figure 4.2. The same patient from Figure 1 with their radiation planning dose map 

overlaid. The MRIs on the far right do not have radiation overlaid as that visit preceded the 

start of radiation treatment. 
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4.2.2 Semi-Automated Segmentation of Lesion 

To allow for volumetric tracking of brain tumors, we developed segmentation 

algorithms for T2 FLAIR and CE-T1w MRIs. Current iterations of these tools are semi-

automated as they require initial (manual) seeding by the user, but the eventual goal is to 

implement automated tools which do not require user intervention. A schematic of the CE-

T1w segmentation is shown in Figure 4.3a-d. The segmentation tool requires a user to 

select a representative “seed” in the image within the lesion of interest. Next, Otsu 

thresholding, an approach where thresholds are iteratively applied to cluster voxel 

intensities by minimizing the intra-cluster variance, was applied to the image [86]. The 

image, with intensities now separated into four clusters, is then registered to an atlas and 

the skull removed through a skull stripping algorithm [87]. A region growing algorithm 

starting from the user input seed is applied to identify connected components sharing the 

specified Otsu cluster. The binary image goes through a series of morphological filtering 

techniques to remove blood vessels and choroid plexus, and to smooth out spurs along the 

tumor edge [88,89]. 

  We also developed a semi-automated FLAIR segmentation algorithm which 

focuses on increasing spatial contrast to homogenize intensities within FLAIR boundaries 

and excluding connected components extraneous to the lesion. Much like the CE-T1w 

algorithm, the FLAIR algorithm requires a user to first select a representative “seed” within 

the lesion of interest (Figure 4.3e-g) after which a curvature flow algorithm is applied to 

“blur” the image and effectively increase spatial contrast [90]. The algorithm then applies 

a series of ITK filters to dilate and fill holes within clusters of voxels sharing similar 
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intensities. After these preprocessing steps, Otsu thresholding is applied to cluster the 

image voxels into four classes. A region growing algorithm is then applied from the user 

input “seed” to segment connected components sharing the specified Otsu threshold. Both 

algorithms take <15 seconds to perform their respective segmentations and do not require 

any additional imaging for segmentation of lesion.  

 

Figure 4.3. For the semi-automated CE-T1w segmentation, (A) a clinician must place a 

seed in the region of interest. (B) Otsu thresholding and filtering identifies extent of 

enhancement. (C) Indicates the segmented contour for a representative slice after region 

growing. (D) The entire volume of segmented lesion. The FLAIR segmentation also 

requires (E) users to make a seed within the hyperintense region. (F) After smoothing, 

thresholding, and region growing the contour has segmented the extent of hyperintensity. 

(G) A volumetric representation of FLAIR hyperintensity for this patient. 

BrICS-LIT has also been designed to allow for new segmentation algorithms to be 

easily incorporated – eventually allowing users to choose the best segmentation algorithm 

in a case-by-case basis.  
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4.2.3 Visualization and Manual Editing 

While our segmentation algorithms save physicians considerable time in 

calculating the size of lesions, we realize the value in providing rapid, manual editing tools 

for segmented volumes that can easily be incorporated in clinical workflows. Therefore, 

even if the segmentation algorithms are not perfect, they can provide a good, rapidly-

obtained starting point; the LIT interfaces provides tools for users to then edit these 

segmentations. A digital audit trail tracks any changes that are made.  

We use a Javascript library known as the Web Graphics Library (WebGL) to render 

images in our web application. Overlaid contours, dose clouds, and co-registered MRIs all 

utilize this API for visualization. While all imaging including contours are saved on our 

server as DICOM datasets, they are converted to PNG textures that WebGL uses for 

rendering. Clinicians can view contours overlaid on clinical MRIs to observe lesion volume 

changes over time. Users can also overlay radiation dose maps to determine the spatial 

similarity between regions of abnormality and regions of treatment.  

4.2.4 BT-RADS Scoring and REDCap Integration 

In addition to volumetric measurements of tumor, the BT-RADS’s framework also 

incorporates additional clinical criteria such as timing of surgery and radiation, use of 

medications which can affect imaging appearance (such as Avastin and steroids), and 

worsening clinical condition, which are important in assessing disease recurrence [53]. 

These criteria are typically identified by chart review by the clinician; we seek to streamline 

the incorporation of this information and calculation of BT-RADS scores. Since LIT itself 

is not HIPAA compliant, it uses a pipeline to retrieve de-identified clinical information 
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from a HIPAA compliant REDCap database. REDCap is a secure database system that is 

currently used by thousands of institutions and over one million users for secure and 

convenient storage of patient information in clinical trial settings [79]. Using a PHP API, 

LIT connects to pre-specified REDCap databases and retrieves clinical information that are 

relevant for BT-RADS scoring (Figure 4.4). With REDCap integration, LIT can interface 

with several REDCap databases for brain tumors.  

 

Figure 4.4. Clinicians and researchers can open a window within LIT that displays relevant 

clinical and genomic data automatically retrieved from a REDCap database that can assist 

in BT-RADS scoring.  

4.3 RESULTS 

Follow-up imaging and clinical data are collected for patients on the GBM dose 

escalation clinical trial. BrICS-LIT is also being used to assess follow-ups from a pilot 

study treating patients with melanoma brain metastases with stereotactic radiosurgery 

(SRS) and immunotherapy.  
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In Figure 4.5, follow-up images from a GBM patient enrolled in our dose escalation 

trial at Johns Hopkins have been uploaded into LIT, with contoured lesions displayed and 

BT-RADS scores assigned by a neuroradiologist. The images on the far right represent the 

baseline and occurred shortly after the patient’s surgery but before starting their radiation 

treatment. The patient has minimal contrast enhancement (2.02cc) and some FLAIR 

hyperintensity (43.85cc) and was assigned a score of 0 (baseline scan). From the baseline 

through the next two follow-up dates, the volume of abnormal FLAIR and contrast 

enhancement continues to increase, leading to assigned BT-RADS scores of 3A (imaging 

worsening, but favor treatment effect) and 3C (imaging worsening, but favor tumor 

progression). The first follow-up was given a score of 3A because while the imaging had 

worsened, that follow-up occurred shortly after completion of radiation treatment. 

Therefore, the clinician suggested the increase in lesion volume is largely due to treatment 

effects (pseudoprogression) rather than true progression. Between dates 12/28 and 01/02, 

the patient’s lesion volume in both types of MR images subsequently decreased. The fact 

that this decrease occurred over such a short period of time lead clinicians to believe the 

patient was possibly medicated with either Avastin or steroids, and the patient therefore 

received a score of 1B. This was confirmed by a treating neuro-oncologist that the patient 

was treated by high dose steroid. The decrease in lesion volume between these two dates 

would be particularly difficult for clinicians to discern if they simply picked one 

representative slice and made measurements or manually inspected all the slices for both 

images. Depending on the slice chosen and the subjective opinion of the interpreting 

radiologist, two clinicians could have made different conclusions about the patient’s 

disease-state between those two dates. The semi-automated software that BrICS-LIT offers 



 57 

can avoid discrepancies in clinical interpretation by calculating lesion volume in a precise 

manner.  

 

Figure 4.5. An example Johns Hopkins GBM patient with follow-up imaging co-registered 

and ready to view in BrICS-LIT. Contours have been generated semi-automatically with 

respective volumes of lesion calculated. A neuroradiologist used the segmented volumes, 

along with REDCap data on the right panel to assign BT-RADS scores for each visit date. 

Another example where BrICS-LIT can provide insights is in Figure 4.6. This 

patient, from the University of Miami, received radiation treatment starting on 6/25/2018 

for 6 weeks. Every follow-up image except for the pre-RT baseline has a radiation dose 

map overlaid. By overlaying a dose cloud for every follow-up, clinicians can determine 

whether lesions are spreading outside of radiation treatment zones or whether new lesions 

are forming in areas that received lower doses of radiation. The patient received a high 

dose of radiation (75 Gy in 30 fractions prescription dose per the clinical trial) in the left 

occipital lobe where there was significant contrast enhancement and FLAIR abnormality 
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at the time of initial radiation treatment. However, on 1/29/2019, a new contrast enhancing 

lesion appears in the left frontal lobe along with significant FLAIR abnormality, a sure sign 

of recurrence as the lesion is outside the tissue which received a significant radiation dose. 

This increases physician confidence that this is truly disease progression and not a delayed 

effect of radiation. 

 

Figure 4.6. A GBM patient from our dose escalation trial at University of Miami who 

initially received a radiation dose of 75 Gy in the left occipital lobe. However, by 

1/29/2019, a distant contrast enhancing lesion appears in the left frontal lobe, away from 

the radiation treatment zone (indicated by red arrow). 

4.4 DISCUSSION 

Structured reporting has been widely adopted in clinical workflows for several 

different cancers including breast and prostate. By standardizing imaging findings and 

using precise criteria, clinicians can confidently establish patient disease-state and manage 

patient treatment efficiently. While structured reporting for brain tumors is starting to make 



 59 

an impact in research settings, it has yet to be adopted in clinical settings. BT-RADS is a 

framework developed by clinicians at Emory University and has started to spread to other 

institutions such as Duke University and Johns Hopkins University. The BrICS-LIT web 

application is designed to provide objective metrics as well as visualization tools to assist 

clinicians and researchers in classifying patient follow-ups with BT-RADS scores. Thirty 

patients from a GBM dose escalation clinical trial are currently having their follow-up 

imaging collected before importing into the BrICS-LIT platform. For those patients, the 

LIT application will be able to quantify changes in lesion volume in T2 FLAIR and CE-

T1w MRIs and help neuroradiologists assign BT-RADS scores with more confidence. By 

overlaying radiation dose maps, LIT users can more easily identify whether lesions are 

spreading outside of radiation treatment zones.  

While LIT offers several tools to assist clinicians in assigning BT-RADS scores, 

future plans involve automating several of the features to minimize clinician and researcher 

effort and decrease outcome variability. By developing a fully automated segmentation 

algorithm leveraging convolutional neural networks and other deep learning techniques, 

lesions can be segmented more accurately with minimal user intervention afterwards. 

Further, the BT-RADS framework is designed to follow a systematic, quantitative 

flowchart in assigning disease-state classifications. With automated lesion volumes and 

relevant clinical data acquired through REDCap, suggested BT-RADS scores can be 

assigned programmatically without intervention. Physicians in clinical settings, including 

neuro-oncologists seeing patients in clinic and radiologists generating clinical radiology 

reports, can review the suggested BT-RADS scores and modify them when necessary to 

obtain the most clinically accurate criteria for monitoring patients during their follow-up 
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period. Similarly, suggested scores for other metrics such as RANO can be implemented 

for comparison with research trials. While progression free survival and overall survival 

are classic metrics used to assess the efficacy of novel therapies in research settings, more 

sensitive metrics like BT-RADS scores can help discern whether there was improvement 

between two cohorts during specific time periods of patient follow-up and whether those 

differences in scores are significant.  
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Chapter 5. A Novel Approach to Determining Tumor 

Progression Using a Three-Site Pilot Clinical Trial of 

Spectroscopic MRI-Guided Radiation Dose Escalation in 

Glioblastoma 

5.1 INTRODUCTION 

Glioblastoma (GBM) is a highly aggressive cancer that originates in glial cells in the 

brain, with a very poor prognosis for every age group. The disease has a median survival 

of 15–16 months [4,6], a median progression-free survival (PFS) of 4–8 months [6,91], and 

an annual incidence of 3.19 per 100,000 in the United States [37]. Very few interventions 

in recent decades have significantly improved outcomes for these patients. Standard 

therapies for GBM involve the surgical resection of visible tumor followed by radiation 

therapy (RT) with concurrent and adjuvant temozolomide (TMZ) chemotherapy. Medical 

imaging plays a central role in this treatment pipeline with clinical MRIs guiding the 

surgical team and RT planning as well as the follow-up phase after initial treatment where 

patients are monitored for symptoms and imaging is assessed for concerning abnormalities. 

Standard-of-care therapy for GBM patients is guided by a combination of T1-

weighted contrast-enhanced MRI (T1w-CE) and T2-weighted fluid-attenuated inversion 

recovery MRI (FLAIR). T1w-CE indicates areas of high-grade tumor where gadolinium-

based contrast agents can accumulate due to breakdown of the blood–brain barrier and is 

used to guide surgical resection. However, T1w-CE MRI usually underestimates the extent 

of tumor infiltration [14]. FLAIR identifies areas of surrounding tumor infiltration but 

cannot differentiate tumor from edema, inflammation, and radiation effects. In standard 
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clinical practice, T1w-CE lesions combined with the resection cavity are targeted with a 

higher radiation dose (usually 60 Gy) and surrounding FLAIR hyperintensities are targeted 

with a lower radiation dose (45–54 Gy), both delivered over 30 fractions [41]. However, 

these techniques may not adequately target tumor, and imaging methods that detect tumor 

with high specificity while preserving normal brain may improve outcomes for GBM 

patients. We have been developing a high-resolution, 3D magnetic resonance spectroscopic 

imaging (MRSI) sequence with whole brain coverage that we have termed spectroscopic 

MRI (sMRI) [21]. sMRI is a non-invasive metabolic imaging technique that can non-

invasively detect tumor without contrast agents by detecting areas of metabolically 

abnormal tumor which have elevation of choline (Cho) due to high cell turnover and 

decreased N-acetylaspartate (NAA) due to displacement of normal neurons and axons by 

tumor [18,92,93]. In addition, some studies have found a relationship between Cho levels 

and grade of astrocytoma, with a higher grade being associated with higher Cho [94]. The 

ratio of metabolite signals Cho to NAA (Cho/NAA) is highly associated with the presence 

of tumor even in regions of the brain that appear healthy on standard MRI sequences 

[18,20,43], and a Cho/NAA ratio greater than two times that in normal-appearing white 

matter (NAWM) are correlated with regions of tumor recurrence in 81% of patients [12]. 

This information can be used in brain tumor patients to treat invasive tumor with higher 

radiation doses while minimizing doses to normal brain, potentially delaying recurrence 

for GBM patients without excessive risk of toxicity. 

We recently completed a multi-institutional, single-arm pilot clinical trial for newly-

diagnosed GBM patients where brain regions with a Cho/NAA ≥ 2x normal were treated 

with an escalated radiation dose of 75 Gy [21]. Patients had a median overall survival (OS) 
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of 23.0 months, seven months longer than that in historical controls [5,6,38,40]. During the 

post-treatment follow-up period, serial MRIs including T1w-CE and FLAIR were acquired 

at routine intervals, but the interpretation of post-treatment imaging was confounded by the 

overlapping appearance of tumor recurrence and post-treatment effects including pseudo-

progression and radiation necrosis. Both pseudo-progression and radiation necrosis are 

phenomena characterized by worsening of T1w-CE enhancement and FLAIR 

hyperintensity after RT due to tissue injury from radiation, with pseudo-progression 

occurring within 90 days of radiation and radiation necrosis peaking 1 to 2 years post-RT 

[56,95]. We saw these effects exacerbated in our pilot clinical trial where larger volumes of 

tissue were treated with escalated radiation dosage. While sMRI could be helpful with 

tumor detection after treatment, extensive necrosis can lead to a low Cho peak, with signals 

from lipid and other metabolites such as lactate often suppressing the Cho signal [93,96]. 

Further, sMRI acquisitions were not available during follow-up for these patients. 

To address these challenges, we developed novel quantitative and visualization tools 

to track patients after initial treatment, minimize the effects of confounding treatment 

changes, pinpoint tumor recurrence timepoints, and perform PFS analysis. These tools use 

a combination of a quantitative imaging platform and structured reporting methods. The 

Brain Imaging Collaboration Suite Longitudinal Imaging Tracker (BrICS-LIT) is a 

custom-built web application for the purpose of longitudinal MRI imaging follow-up of 

brain tumor patients [32,52]. Within BrICS-LIT, lesions on FLAIR and T1w-CE imaging 

are segmented and displayed, radiation dose maps can be overlaid upon anatomic imaging, 

and patient clinical information can be displayed. Structured reporting can be used for a 

more objective interpretation of the patient’s disease status and has gained popularity for 
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applications such as breast and prostate imaging [25,26], but remains underutilized in brain 

tumor imaging. RANO, or the Response Assessment in Neuro-Oncology criteria, has found 

success in clinical trial applications but is less commonly used in general clinical practice. 

While we previously reported the (PFS) from our clinical trial, we did not provide details 

as to how we determined tumor progression, especially when considering the high rates of 

pseudo-progression and radiation necrosis [21]. In this study, we demonstrate how we 

determined progression for these patients by applying the Brain Tumor Reporting and Data 

System (BT-RADS) framework of structured imaging classification to imaging obtained 

as part of our clinical trial [30,53,78]. BT-RADS scores and lesion volumes were calculated 

for the quantitative assessment of patient disease-status, and along with the visualization 

features, served to determine true tumor recurrence timepoints. 

5.2 METHODS 

5.2.1 Clinical Trial Treatment Protocol 

After newly diagnosed GBM patients completed surgery, sMRI scans were 

acquired along with standard imaging to guide radiation treatment. At each participating 

site, a Siemens 3T scanner was used to perform an echo planar sMRI pulse sequence with 

GRAPPA parallelization with either a 32- or 20-channel head coil. The scan was acquired 

with an echo time of 50 ms, repetition time of 1551 ms, and flip angle of 71 degrees, leading 

to a scan time of 15 min and a nominal voxel size of 108 μL [12,52]. Raw sMRI DICOM 

data were processed by the MIDAS software suite (University of Miami, Miami, FL) [51], 

before being imported into the Brain Imaging Collaboration Suite (BrICS) for visualization 

and RT planning. Within BrICS, metabolite maps generated by MIDAS were registered 
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and interpolated to the higher resolution T1w MRI space before being overlaid as heat 

maps. Contours containing Cho/NAA ≥ 2x normal were generated within BrICS for use as 

the high-dose radiation target and inspected by radiation oncologists at each respective site 

to ensure that these contours were appropriate and did not include organs-at-risk such as 

the brain stem to a significant extent. 

In Figure 5.1, we show three example patients on the trial. For each patient, the 

contour which includes Cho/NAA ≥ 2x normal is significantly larger than the extent of 

contrast enhancement. In standard therapies, only the volume of contrast enhancement 

(indicated on the right for each patient) would have received high-dose radiation, 

potentially ignoring significant amounts of infiltrative tumor demarcated by the Cho/NAA 

metabolite maps. In our trial, the volumes on the left, represented by the 2x contours, 

received an escalated radiation dose of 75 Gy to potentially delay in-field tumor recurrence. 

Two additional radiation targets were generated for each patient on the trial—the resection 

cavity and any residual contrast within the cavity were prescribed 60 Gy and regions of 

FLAIR hyperintensity were prescribed 50.1 Gy of radiation. The latter two RT targets had 

a 5 mm margin expansion to account for microscopic invasion of tumor, and all three 

targets had an additional 3 mm margin added to generate planning target volumes. 

Radiation was split into 30 fractions and administered over a six-week period. Concurrent 

TMZ chemotherapy was also administered at standard-of-care dosing (75 mg/m2/day 

every day) during RT. After completion of RT, adjuvant TMZ was administered for each 

patient (150–200 mg/m2/day days 1–5 every 28 days) per standard-of-care [10]. 
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Figure 5.1. A comparison between the ratio map of choline to N-acetylaspartate 

(Cho/NAA) and T1-weighted contrast-enhanced (T1w-CE) imaging for three patients on 

the trial. For each patient, the top left image contains the Cho/NAA ratio map superimposed 

on the T1w image along with a contour encompassing all voxels with a Cho/NAA ≥ 2x 

normal. That contour is overlaid on the T1w-CE image on the top right image which shows 

enhancement from residual tumor and recent surgery. The bottom left image shows a 3D 

volume rendering of the volume of tissue that received 75 Gy of radiation guided by the 

Cho/NAA ≥ 2x contour, while the bottom right image shows a 3D volume rendering of the 

residual contrast enhancing lesion, which normally receives 60 Gy of radiation along with 

resection cavity in standard therapies. In all cases, the Cho/NAA ≥ 2x contour was 

significantly larger than the contrast-enhancing lesion. 

For the cohort of 30 patients who received treatment, 2 had an IDH mutation, 9 

were MGMT hypermethylated, 11 had a gross total resection (defined by whether their 

pre-RT T1w-CE lesion volumes were less than 1 mL), and 19 had a subtotal surgical 

resection [21]. Informed consent was acquired for every patient in this trial prior to their 

first sMRI scan, with acknowledgment that follow-up imaging would be collected to 

monitor treatment response. Both the study and informed consent were approved by the 

Institutional Review Boards (IRBs) at each participating institution. The following 

analyses were performed with de-identified datasets from the trial. 

5.2.2 Follow-Up 
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After patients completed RT, they returned for follow-up imaging every 2–3 

months. At University of Miami and Emory University, follow-up occurred every 2 

months, while patients at Johns Hopkins University had follow-up visits at 3-month 

intervals. Standard clinical follow-up was performed using the institution standard brain 

tumor protocol. T2 FLAIR and T1w-CE MRIs from each follow-up visit were uploaded to 

BrICS-LIT [32]. In BrICS-LIT, each MRI uploaded is rigid registered and interpolated to a 

higher-resolution, thin-sliced atlas MRI to enable slice-by-slice comparisons across 

extended time. Enhanced lesions on T1w-CE MRIs and hyperintensity on FLAIR MRIs 

were contoured in a semi-automated manner with manual editing and inspection by 

clinicians afterwards [32]. Clinical information about the patient such as the medication 

they were prescribed, their genetics, and treatment-related information were stored in a 

REDCap database. BrICS-LIT is configured to automatically retrieve relevant, de-

identified clinical information from REDCap. With these segmented lesion volumes, as 

well as relevant clinical information about the patient, our neuro-radiologist prospectively 

assigned BT-RADS scores for each follow-up date. In cases with indeterminate imaging 

findings, additional clinical imaging sequences, such as diffusion-weighted imaging 

(DWI), and dynamic susceptibility perfusion-weighted imaging (PWI) were reviewed. 

In Figure 5.2, we show the follow-up imaging of a patient on the trial in BrICS-

LIT. Users can simultaneously view 5 study dates at a time and scroll through previous 

follow-up dates that are available, enabling a comprehensive view of disease state over 

time. Within BrICS-LIT, segmented contours are highlighted in red, with lesion volumes 

and BT-RADS scores for each date displayed below. As an example, the earliest follow-

up date on the right received a baseline BT-RADS score of 0 as it was immediately post-
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surgery and pre-RT. The four follow-up dates to the left occurred 1–11 months post-RT. 

The next follow-up date to the left received a score of 3A due to increased lesion volumes 

suggesting a possible cause for concern, however, as the imaging was performed less than 

3 months post-RT it more likely reflected pseudo-progression rather than true tumor 

progression. The imaging in the subsequent two dates received scores of 1A and 2, 

indicating improvement and stable control of disease, as the lesion volumes remained 

relatively stable compared to previous follow-ups. The far-left study date, occurring 11 

months after completion of RT, received a score of 4 due to a large increase in FLAIR and 

T1w-CE lesion volumes. In the bottom row of the figure, a radiation dose map is overlaid 

on T1w-CE imaging, which can help determine whether a patient has experienced out-of-

field recurrence, common signs of true tumor progression. This patient’s enhancing lesion 

in T1w-CE started in-field and spread slightly outside of the high-dose boundary margins 

delineated in red, suggesting possible marginal failure. 

Often, if an enhancing lesion grows suspiciously fast, patients will undergo 

additional surgeries during this follow-up period. Many patients on this trial had second or 

even third surgeries to remove an enhancing lesion that was suspicious for tumor. After 

those surgeries, clinical pathologists at each respective site assessed tissue samples for 

presence of tumor and reported findings in pathology reports. 
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Figure 5.2. A view of the Brain Imaging Collaboration Suite Longitudinal Imaging 

Tracker (BrICS-LIT). The top row consists of T2-weighted fluid-attenuated inversion 

recovery (FLAIR) MRIs and the middle row of T1w-CE MRIs co-registered and 

interpolated to an atlas for easier comparison. Studies are longitudinally arranged from 

newest (left column) to oldest (right column). Segmented lesions are overlaid in the top 

two rows, while the radiation dose map is overlaid on the T1w-CE MRI in the bottom row 

to intuitively determine the radiation dose received of the suspected recurring tumor. 

5.2.3 Tumor Recurrence Determination 

With BrICS-LIT, we graphed lesion volumes and BT-RADS scores over each 

patient’s follow-up period to observe long-term trends. As tumor-mimicking treatment 

effects such as pseudo-progression and radiation necrosis are commonly associated with 

high-dose radiation, we sought to use BrICS-LIT and clinical pathology reports to 

determine true tumor recurrence dates on a case-by-case basis. The following criteria were 

established across all patients to label the date of first disease progression. First, if the 

patient received any follow-up surgery and biopsy, then their pathology report served as 

the ground truth for tumor progression. If the re-resection or biopsy specimens contained 
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over 20% tumor as described in the pathology report, the previous date was labeled as 

progression. When the pathology report did not include a percentage but mentioned 

positive tumor presence, the previous follow-up was labeled as progression. While other 

factors included in pathology reports such as mitosis or elevated proliferation index could 

have been used as cutoff points for progression, these factors were not present in every 

report we received. Therefore, we used a defined cutoff based on information that every 

report shared. This cutoff was set a priori and not changed in the analysis. For patients who 

did not receive re-resection, follow-up imaging was evaluated by comparing volumetric 

changes of contrast-enhancing and FLAIR lesions over time. Dates where significant 

increases in segmented tumor volume leading to BT-RADS scores of 3c and 4 were further 

examined using RT dose map overlays. By overlaying an RT dose map over follow-up 

anatomic imaging, we could look for cases where an enhanced lesion continued to expand 

and significantly spread outside of the high-dose target (appearing red in the overlaid dose 

maps). If the enhancing lesion spread outside the high-dose radiation field, the 

corresponding follow-up date was defined as the tumor recurrence date. Otherwise, if the 

enhancing lesion volume stabilized within the high-dose region of the brain, the 

enhancement was attributed to radiation necrosis. Every case where the enhancing lesion 

extended past the high-dose radiation target was verified and agreed upon by a neuro-

radiologist and the patient’s treating radiation oncologist. 

5.2.4 Survival Analysis 

All survival outcomes were assessed using the lifelines Python survival analysis 

library [55]. PFS curves were calculated starting from the date of surgery using the Kaplan–

Meier estimator method [54]. The PFS was defined from the date of surgery to first disease 
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recurrence. If a patient died from known causes or surgeries before confirmed tumor 

recurrence on imaging, their date of death was used as the progression date. For these cases, 

often the last follow-up imaging acquired was very close to their date of survival. For 

patients who had not yet progressed or who were lost to follow-up, their last date of contact 

without tumor recurrence was right-censored. 

5.3 RESULTS 

5.3.1 Survival Analysis 

Eighteen months after completing enrollment, the median PFS time was 16.6 

months (Figure 5.3) with a median time to follow-up of 20.3 months in censored patients. 

The Kaplan–Meier estimator with 95% confidence intervals is included. Out of the 30 

patients enrolled and who completed treatment, 19 patients had confirmed disease 

progression at the time of last follow-up. Of the 19 patients either with disease progression 

or who expired before evidence of progression, 7 had tumor recur within the high-dose 

radiation field, 3 patients had out-of-field recurrence, 4 patients had new lesions discovered 

in areas that received minimal to zero radiation, and 5 patients died prior to imaging 

progression. Out of the 11 censored patients, 5 are still alive without signs of disease 

progression in follow-up imaging, and 6 are dead without sufficient follow-up imaging to 

determine when or if tumor recurred before their deaths. These patients were often lost to 

follow-up with their death date independently confirmed via obituary. For these patients 

that did die, their last date of contact without tumor recurrence was used and right-censored 

because of lack of information about the cause of death. 
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Figure 5.3. Kaplan–Meier estimator for PFS; median PFS: 16.6 months with a median 

time to follow-up of 20.3 months. 

As mentioned previously, fourteen out of nineteen patients with tumor progression 

had confirmed progression before their deaths. The criteria we outlined for determining 

progression were applied to this subgroup with additional details in Table 5.1. For this 

patient subgroup, one had an IDH mutation, while five were MGMT hypermethylated 

status. Due to a small sample size, it is difficult to discern any relationship between, for 

example, MGMT status and progression type or PFS. However, three of the five patients 

with MGMT hypermethylation had a PFS that falls below the median for the cohort; 

however, this could also be due to the post-op residual enhancing volume, which we label 

as the extent of resection (EOR), and other factors. Of note, patients with multifocal 

lesions, which received minimal to zero radiation or surgical intervention, led to poorer 

outcomes and lower PFS values. 
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Table 5.1. Compiled genetic and PFS data for 14 of the 19 patients with confirmed tumor 

progression. 

 

5.3.2 Example Assessments of Recurrence Using Patient Follow-Up 

Due to the difficulty of distinguishing tumor progression from necrosis in a 

systematic manner when follow-up surgical pathology was not available, we assessed 

patient follow-up data on a case-by-case basis. Representative examples of imaging 

evaluation are included below. 

Patient PFS (Months) IDH MGMT EOR (cc) Progression Type 

1 19.0 1 1 1.6 In-Field 

2 14.3 0 0 2.6 In-Field 

3 16.6 0 0 0.3 Out-of-Field 

4 12.6 0 1 2.2 In-Field 

5 13.9 0 0 0.5 In-Field 

6 8.4 0 0 1.4 In-Field 

7 8.1 0 0 12.1 Multifocal 

8 6.2 0 0 3.9 Multifocal 

9 10.2 0 1 7 Out-of-Field 

10 7.1 0 0 0.4 Multifocal 

11 11.0 0 1 5 Multifocal 

12 11.5 0 0 2 In-Field 

13 16.2 0 0 0.5 In-Field 

14 29.6 0 1 2.9 Out-of-Field 
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The first case is an IDH wild-type, MGMT hypermethylated patient who exhibited 

progression-like imaging characteristics that were ultimately attributed to treatment effects. 

Figure 5.4b graphs this patient’s BT-RADS scores from their initial surgery before RT 

until their latest follow-up visit. This patient had two surgical resections after RT marked 

with red stars. After the first surgery, the neuropathologist found minimal tumor even after 

a one-year gap from completion of RT. About nine months later, the patient received a 

second surgical resection due to increased enhancement volume on clinical imaging; 80% 

of sampled cells were necrotic. Leading up to each follow-up surgery, FLAIR and T1w-

CE lesion volumes trended upward leading to BT-RADS scores generally above 2, 

suggesting the possible presence of tumor. Figure 5.4c shows follow-up imaging that 

corresponds to each visit in the graph above. While FLAIR lesion volumes appear to 

increase after month 12 as indicated by Figure 5.4a, the tumor does not appear to spread 

contralaterally or compress against tissue in the midline of the brain as is visible in the top 

row of Figure 5.4c. The middle row of Figure 5.4c shows enhancing volumes from T1w-

CE MRIs. The rim of enhancement around the surgical resection cavity appears to spread 

radially. Despite this, the enhanced rim stays within the high-dose radiation field 

demarcated in red in the third row. Despite trends in increasing enhancing lesion in Figure 

5.4a, the volume stabilizes after month 20. During standard clinical follow-up, the 

increasing enhanced rim and FLAIR hyperintense volumes would lead to an early 

designation of tumor recurrence. However, both pathology reports in this case failed to 

identify significant amounts of tumor, suggesting that most enhancement and FLAIR 

lesions were due to inflammation and necrosis from high-dose radiation for years after they 

completed RT. This patient is still alive. 
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Figure 5.4. With our web platform, clinicians assessed (A) graphs of lesion volumes from 

FLAIR and T1w-CE (labeled ENH) imaging, as well as (B) A graph of Brain Tumor 

Reporting and Data System (BT-RADS) scores during a patient’s follow-up. The red stars 

indicate re-resection of suspected lesions. In this case, the patient had two re-resections 

(16.3 and 25.2 months) with significant treatment effect and necrosis found in both cases. 

(C) For each follow-up visit in the above graph, the FLAIR MRIs (top row), T1w-CE MRIs 

(middle row), and radiation dose map overlaid on T1w-CE MRIs (bottom row) are 

displayed from oldest (left column) to newest (right column). While the increasing 

enhancing rim as well as FLAIR volumes were cause for concern, this patient had still not 

had confirmed disease progression. 

Figure 5.5 is an example patient with initial in-field tumor recurrence followed by 

out-of-field progression. In this case, the surgical pathology report indicated 30% tumor in 

sampled tissue, with the follow-up visit before re-resection (indicated by the red star) 

labeled as the tumor progression date (indicated by the orange diamond).  
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Figure 5.5. (A) A graph of changing lesion volumes from FLAIR and T1w-CE (labeled 

ENH) imaging can help assess suspicious trends, especially after re-resection in this case. 

(B) A graph of BT-RADS scores during a patient’s follow-up. The red star indicates re-

resection of suspected lesions. This patient had one follow-up surgery that found 30% 

tumor in samples biopsied (13.4 months). Therefore, their recurrence date (orange 

diamond) was set before their follow-up surgery. (C) For each follow-up visit in the above 

graph, the FLAIR MRIs (top row), T1w-CE MRIs (middle row), and radiation dose map 

overlaid on T1w-CE MRIs (bottom row) are displayed. From the 14th month onwards, a 

second lesion is apparent on the contralateral side of the brain outside of the radiation 

treatment zone. 

This is a case that demonstrates the value of overlaying radiation dose maps. Even 

after this patient received a follow-up surgery, another enhancing lesion appeared on the 

contralateral side of the brain. This lesion is outside of the radiation treatment zone. Less 

than one month after this patient’s follow-up surgery, their tumor had infiltrated 
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contralaterally and was not evident in contrast enhanced imaging before their follow-up 

surgery. This second focal lesion continues to increase on both FLAIR and T1w-CE 

imaging shortly after. Both follow-up visits were assigned BT-RADS scores of 4, 

suggesting true tumor progression. By co-registering follow-up imaging and overlaying 

radiation dose maps, BrICS-LIT proves useful not only in retrospectively assessing 

imaging for tumor recurrence but also prospectively identifying out-of-field recurrence in 

this case. While FLAIR abnormality does spread contralaterally before the second surgery, 

this could have easily been attributed to treatment-related inflammation, especially due to 

lack of significant contrast enhancement in the same area. 

5.4 DISCUSSION 

In this study we describe the use of novel imaging visualization tools and structured 

reporting to analyze the results to date of our 30-patient clinical trial utilizing dose-

escalated radiation guided by Cho/NAA sMRI maps. With standard-of-care therapy 

including standard RT with concurrent and adjuvant TMZ, GBM prognosis remains poor 

with a median OS that is consistently limited to about 16 months and an incidence of 

recurrence at one year from start of treatment of 60–70% [6]. Our results from our single 

arm study show a substantial improvement with a one-year incidence of recurrence of 30% 

and median PFS of 16.6 months. For the sake of comparison, Avastin, an anti-angiogenic 

therapy commonly used for newly-diagnosed GBM patients, minimally improved OS to a 

timepoint lower than the median PFS calculated in our pilot study (16.1 months) [38]. While 

these results are promising, we must caution that our pilot study had a much smaller sample 

size compared to historical controls and the Avastin trial and at the very least, justifies a 

larger consortium-level trial to determine a true effect size. We have previously reported a 
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median OS for this cohort of 23.0 months [21,97]. In another trial (NRG Oncology BN001 

NCT02179086) that escalated radiation dose guided only by standard imaging [42], there 

was no significant difference in median OS between standard treatment groups and the 

dose-escalated group. Guiding radiation targets using sMRI led to larger, more specific 

treatment volumes that contain high quantities of tumor not visible in standard imaging. 

By using an imaging technique with a higher degree of specificity, we appear to show a 

lower one-year incidence of recurrence and improve survival outcomes in this cohort, 

justifying a larger prospective trial to assess the efficacy of sMRI-guided high-dose 

radiation. 

While escalated radiation shows promising results, a large number of patients on the 

trial exhibited pseudo-progression and radiation necrosis that lasted far longer than patients 

on standard radiation therapies. In standard clinical practice, T1w-CE imaging is the 

mainstay for defining tumor recurrence. However, under high-dose irradiation, post-

treatment radiation effects often mimic those of tumor recurrence on clinical images, 

prompting labeling of disease progression before true tumor recurrence. Multiple patients 

on the trial were recommended for additional surgeries due to the apparent increase in 

contrast enhancing volume on T1w-CE imaging; however, these lesions were often in-field 

of the high-dose target and were later confirmed to be either pseudo-progression or 

radiation necrosis via pathology reports. The pathology reports for the first patient from 

our results section showed zero and minimal tumor both one year and two years after 

completion of RT. It was common to see pathology reports five to even nine months after 

completion of RT finding minimal tumor in samples biopsied. Our dependence on 

pathology reports from biopsy for in-field recurrence determination is a limitation for our 
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criteria, especially in cases where there were not additional surgical interventions at critical 

timepoints. However, repeat surgical sampling has high morbidity in the clinical setting 

and is often reserved for the most confusing cases.  

While we acknowledge that quantitative tools such as BrICS-LIT do not necessarily 

solve the problem of differentiating tumor from necrosis, they were helpful in tracking the 

patient’s disease-state during follow-up. Using our LIT database, radiation dose maps, and 

post-surgery pathology reports, we performed a retrospective analysis showing a ten month 

improvement of PFS compared to standard therapy using sMRI-guided dose escalation. 

With BrICS-LIT, we can graph lesion volumes and structured reporting scores throughout 

the patient’s follow-up period. Rather than manually inspecting independent images and 

qualitatively assessing the patient across their latest few follow-up dates, with BrICS-LIT 

we can use segmentation algorithms to calculate lesion volumes and make comparisons 

quantitatively. If, for example, enhancing lesion volume is increasing at an exponential 

rate, there is good reason to be suspicious for tumor progression. However, if the lesion 

volume stays within-field and remains stable over several months, the enhancing lesion 

could be mostly radiation necrosis unless proven otherwise through biopsy. An argument 

could be made that BrICS-LIT can select for patients who would most benefit from a 

biopsy. A limitation of this study is that we did not use MRI perfusion-weighted imaging 

or other advanced imaging to further differentiate imaging findings. While some studies 

have shown benefits in using MRI perfusion to characterize indeterminate cases, there is 

wide variation in how it is applied, including at the three trial sites on this study, which 

would lead to variations in interpretation [98]. A further study is warranted to determine 

how to incorporate perfusion into follow-up imaging in the clinical trial setting. By using 
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BrICS-LIT to overlay radiation dose maps, we can visualize whether the lesion has spread 

outside of the high-dose radiation target and find multi-focal lesions far more easily than 

the standard clinical tools available. 

Future plans involve fully automating lesion segmentation in both FLAIR and T1w-

CE MRIs as well as generating suggestive, structured reporting scores for each follow-up 

visit. While escalating the radiation dosage to 75 Gy led to minimal clinical toxicity for 

patients on this trial, there was one patient who had grade 3 toxicities as a result of their 

radiation, with edema on FLAIR imaging pushing across the midline of their brain. 

Additionally, there were a handful of cases where 75 Gy was not sufficient to control tumor 

as at least seven cases had in-field recurrence. External factors such as MGMT 

hypermethylation and IDH mutation likely contribute to how patients respond to different 

amounts of radiation [24]. Through the imaging data, radiation dosages, sMRI data, 

genetics, and medication data we have collected in BrICS-LIT as well as REDCap, we are 

currently working on a time-to-recurrence predictive algorithm that attempts to predict 

tumor recurrence risk for each voxel in pre-RT imaging. By generating Cho/NAA ≥ 2x, 

3x, and 4x normal contours and calculating the median recurrence risk within each of these 

contours, we hope to generate automated radiation-dose plans within each Cho/NAA 

contour that reduces recurrence risk as much as possible while also minimizing patient 

toxicity. Finally, with the encouraging survival data from our pilot study, a randomized, 

phase II clinical trial (EAF211) is planned with the Eastern Cooperative Oncology Group 

(ECOG)-American College of Radiology Imaging Network (ACRIN) to guide escalated 

radiation with Cho/NAA sMRI maps. 
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5.5 CONCLUSION 

With a median time to follow-up of 20.3 months for censored patients, guiding 

escalated radiation dose to glioblastoma patients through spectroscopic MRI led to a 

median PFS of 16.6 months with a one-year incidence of recurrence from treatment of 

30%, half that of standard therapy. These results are extremely encouraging and suggest 

the need for sMRI to be a part of standard clinical practice. While escalated radiation doses 

over larger treatment volumes show promising results towards improving survival, 

differentiating between true tumor recurrence and radiation-related necrosis even one year 

after completion of radiation therapy remains a challenge. 

By developing quantitative web applications such as BrICS-LIT, we have managed 

to segment lesions and calculate structured reporting scores for each patient during the 

follow-up phase of their treatment with the hope of more easily delineating recurrence. 

Through radiation map overlays, graphing lesion volumes for observable trends, and 

patient pathology reports, we present our methodology for calculating the tumor 

progression date. Through the quantitative data we have collected in BrICS-LIT, we plan 

to develop automated, optimized radiation treatment plans that operate at a voxel-level 

granularity, with the hope of delaying recurrence for as long as possible. 
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Chapter 6. A Fully Automated Post-Surgical Brain Tumor 

Segmentation Model for Radiation Treatment Planning and 

Longitudinal Tracking 

6.1 INTRODUCTION 

Due to its heavy reliance on imaging, treatment and follow up of brain tumors is an 

area that could benefit heavily from artificial intelligence (AI) physician guidance. For 

example, glioblastoma (GBM) is a severe form of brain cancer with a median survival of 

15–16 months [5,6,10,40,58]. Standard treatment of GBM first requires resection of as much 

contrast-enhancing tumor on contrast-enhanced T1-weighted (CE-T1w) MRI as possible. 

The remaining tumor is treated with adjuvant temozolomide chemotherapy coupled with 

radiation therapy that targets a high dose of radiation to any residual enhancing tumor in 

CE-T1w and a lower dose towards hyperintense edema on T2-weighted fluid-attenuated 

inversion recovery (T2w/FLAIR) MRI. Each of these steps is highly dependent on imaging 

interpretation, and clinically assistive AI tools could help physicians track and treat GBM 

patients more accurately and more quickly. 

6.1.1 Related Work 

While there have been several efforts to segment brain lesions from MRIs, such as 

through the Brain Tumor Segmentation Challenge (BraTS), those efforts have focused on 

pre-surgical brain MRIs, and have yet to make a substantial translation into clinically useful 

tools [99-102]. There have been minimal efforts to develop segmentation algorithms to assist 

RT planning after surgery. Post-surgical MRIs have altered morphology that includes a 
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cavity with blood product and heterogenous hyperintensity on FLAIR. In Figure 6.1, we 

show an example patient with CE-T1w and T2w/FLAIR MRIs prior to surgery, shortly 

after completing RT, and three months after completing RT. The CE-T1w MRIs often only 

contain trace amounts of residual enhancing tumor post-surgery. The cavity coupled with 

the small remaining lesion leads to a more difficult task for segmentation models to capture 

the lesion and the entire cavity. Overlaid on each MRI is the segmentation from the highest-

performing Swin-UNETR model trained on the BraTS dataset [103]. We only show these 

segmentations not to critique the model or approach, but to suggest that previous efforts of 

brain tumor segmentation solve a different problem and may not be generally applicable to 

treated tumors. 

 

Figure 6.1. FLAIR and CE-T1w segmentation overlays (in red) from a BraTS competition-

winning segmentation model over MRIs prior to surgery, prior to receiving radiation 

therapy, and 3 months after completing radiation therapy. 
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In standard clinical practice, radiation oncologists generate gross tumor volume 

(GTV) targets that encompass the residual enhancing lesion and cavity in CE-T1w MRI 

(GTV2) and edema and cavity on T2w/FLAIR (GTV1). Due to the infiltrative nature of 

GBM, these targets usually have a margin added to generate clinical target volumes (CTVs) 

and planning treatment volumes (PTVs). There have been publications that focused on 

cavity segmentation and performing CTV segmentations with GTVs as input [104-106]. 

However, this is one of the first efforts to directly train a model for GTV segmentation. 

Furthermore, previous brain tumor segmentation approaches utilized four sets of images 

(T1w-pre contrast, CE-T1w, T2w, and T2w/FLAIR) for segmenting lesions in CE-T1w 

and T2w/FLAIR. In an effort to develop a lighter-weight model, we are attempting to use 

only CE-T1w and T2w/FLAIR to perform GTV segmentations. Such models that require 

fewer inputs could be more clinically translatable and require less effort due to lesser data 

requirements for segmentation by physicians and researchers. 

6.1.2 Purpose 

Due to the unique visual morphology of post-surgical lesions, and a clinically 

unmet segmentation approach for these brain MRIs, we sought to develop a lightweight 

deep learning algorithm that could assist radiation oncologists in generating RT volumes. 

Finally, with a sophisticated deep learning segmentation algorithm for post-operative brain 

tumors, we hope to integrate our algorithm within our web application, the Longitudinal 

Imaging Tracker (BrICS-LIT), to track post-treatment brain tumors and assign automated 

structured reporting scores [32]. In Table 6.1, we summarize the added value of our 

proposed effort compared to previous approaches of brain lesion segmentation. With 

BrICS-LIT, physicians can visualize changes in brain lesions over time, as well as assign 
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structured reporting scores such as the Response Assessment in Neuro-Oncology (RANO) 

and Brain Tumor Reporting and Data System (BT-RADS) to classify their findings by 

patient disease-state [30,31,78,107-110]. 

Table 6.1. A comparison of strengths and weaknesses between previous efforts in brain 

lesion segmentation and our proposed effort. 

 

6.2 METHODS 

6.2.1 Preparation of Training Data 

Imaging from a de-identified database of 225 GBM patients who were treated at 

Emory University with intensity modulated radiation therapy over the past 10 years was 

used to train our segmentation model. For each patient, post-operative T2w/FLAIR and 

CE-T1w MRIs were collected as well as their corresponding GTV1 and GTV2 contours. 

In Figure 6.2, we show an example patient in our training dataset where the extent of 

Brain Lesion 

Segmentation 
Strengths Weaknesses 

Previous  

Efforts 

• Utilizes pre-contrast T1w and T2w MRIs. 

• High segmentation performance for pre-

surgical lesions.  

• BraTS includes a larger training dataset from 

multiple institutions. 

• Requires more imaging for each 

segmentation. 

• Cannot segment post-operative cavity. 

Proposed  

Effort 

• First effort to segment post-operative lesions 

(including cavity) for RT planning. 

• Model can also be used for post-RT 

longitudinal tracking. 

• Longitudinal lesion volumes can be used to 

generate automated disease-state 

classifications. 

• Ground truth contours generated and reviewed 

by radiation oncologists and a neuro-

radiologist. 

• By only using CE-T1w and T2/FLAIR, 

models utilize less information for 

prediction, leading to potentially lower 

segmentation performance. 

• Training dataset is smaller than BraTS, 

but larger than other published efforts. 
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GTV1 includes not only the hyperintense lesion, but also cavity and blood product. In the 

same figure, GTV2 in CE-T1w MRI includes the cavity and residual enhancing lesion. As 

per standard-of-care, GTV2 typically receives a higher radiation dose of 60 Gy, while 

GTV1 receives a lower dose of 50–51 Gy [10,40]. Due to the range of possible margins 

physicians add to their GTV targets, we had a radiation oncologist resident tighten the 

treatment contours to only include visible lesions in both sets of images. These tightened 

contours were then reviewed by an independent radiation oncologist and neuroradiologist 

with any differences resolved by consensus until agreement was reached. 

 

Figure 6.2. Example contour overlays from our training dataset of GTV1 (yellow contour) 

overlaid on T2w/FLAIR MRI and GTV2 (red contour) on CE-T1w MRI that includes 

cavity and blood product. 

For image preprocessing, T2w/FLAIR MRIs were registered and interpolated to 

their CE-T1w counterparts. All images were skull-stripped and resampled to a 

(256,256,160) volume before nonzero voxels underwent zero-mean, unit-variance 

normalization. For GTV1 segmentation, models were fed a 3-channel input with skull-

stripped T2w/FLAIR MRI as the first channel, skull-stripped CE-T1w MRI as the second 
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channel, and with-skull T2w/FLAIR MRI as the third channel. For GTV2 segmentation, 

CE-T1w MRI was used for the first and third channels, while skull-stripped T2w/FLAIR 

was used for the middle channel (Figure 6.3A). A third channel with skull was included to 

help the model delineate the extent of resection cavities that reside close to the skull. For 

2D segmentation, slices of size (256,256) were fed in batches for training, while 3D 

segmentation models trained on volumes of size (128,128,128). The 225-patient dataset 

was split into a training set of 202 patients and a validation set of 23 patients. For the 

training data, on-the-fly augmentation was performed with random flipping and rotation 

with 0.5 probability. An independent test dataset containing T2w/FLAIR and CE-T1w 

MRIs with corresponding GTVs for 30 post-operative GBM patients from three different 

sites (Emory University, Johns Hopkins University, and University of Miami) was used to 

evaluate segmentation performance (Figure 6.3A). 
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Figure 6.3. (A) Training pipeline for our segmentation models. During the pre-processing 

step, a 3-channel input was used with the first two channels using skull-stripped 

T2w/FLAIR and CE-T1w MRIs and the third channel including skull to assist in 

delineating cavity margins. The model weights that performed the best with the validation 

data were tested on the independent test dataset. (B) Network architecture for 3D Unet, 

which has a depth of 3, and was trained on our post-operative MRIs after pre-processing. 

The number of filters is listed above each block. 

6.2.2 Segmentation Models and Training 
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We compared 2D and 3D segmentation approaches with the goal of incorporating 

the most robust models in clinical workflows. Three of the most popular 2D segmentation 

models for medical image segmentation are the standard U-net, ResUnet, and Shifted-

Window (Swin)-Unet [111-113]. The ResUnet model has the structure of Unet but with 

added residual connections in the encoder and decoder blocks to prevent vanishing gradient 

problems, as well as atrous convolutions and pyramidal pooling to garner more information 

from larger receptive fields. The 2D Swin-Unet structure is similar to Unet, but replaces 

standard convolutional neural network (CNN)-based encoder and decoder blocks with 

Swin transformers, which use tokenized image patches as input and attention-based 

shifted-window vision transformers to garner global image features [111,114]. Finally, we 

compared the CNN-based 3D Unet with Swin-UNETR—both 3D segmentation models 

that have found great success with pre-operative brain tumor segmentation [102,103,115]. 

The 3D Unet is similar in structure to Unet but uses 3D filters to convolve over image 

volumes as inputs (Figure 6.3B), while Swin-UNETR uses 3D Swin transformers as 

encoders and standard CNNs for decoding and generating the segmentations. 

For the 2D models and 3D Unet, a five-fold cross validation procedure was used to 

determine the optimal hyperparameters for each model [116]. We used the same 

hyperparameters as the authors of Swin-UNETR for brain tumor segmentation [103]. The 

Dice similarity coefficient was used to evaluate segmentation accuracy between model 

predictions and physician-generated segmentations and Dice loss was used during training 

[117]. During training, a learning rate scheduler and early stopping criteria were used to 

reduce learning rate based on validation accuracy to fine-tune optimization, and to stop 

training when validation accuracy had not improved for 10 epochs. Three-dimensional 
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models were trained on an NVIDIA RTX 6000 with GPU memory of 48 GB, while 2D 

models were trained on an NVIDIA V100 with GPU memory of 32 GB. Models were then 

tested on the independent 30-patient test dataset to calculate test Dice scores, Hausdorff 

distances, and Jaccard coefficients for comparison and evaluation.  

6.2.3 Application of Segmentation in Longitudinal Tracking 

We incorporated our best-performing segmentation algorithms into our web 

application BrICS-LIT for longitudinal tracking and calculated lesion volumes for an 

example patient. Due to our model including the resection cavity in CE-T1w lesion 

segmentation, we use Otsu thresholding to cluster GTV2 segmentations into four different 

groups before removing the lowest intensity cluster to only include the residual enhancing 

lesion for longitudinal tracking purposes [86]. We then used the same volumetric percent 

change cutoffs used to predict RANO scores from Kickingereder et al. for BT-RADS 

prediction [108]. More specifically, if a T2w/FLAIR lesion changed in volume by 100% or 

greater or a CE-T1w lesion increased in volume by 40% or greater, then tumor had recurred 

and BT-RADS score of 4 was assigned. If CE-T1w lesion increased in volume by 20% or 

greater or T2w/FLAIR lesion volume increased by 50% or greater, then imaging was 

considered “worsened” and BT-RADS scores of 3 or higher were assigned. Otherwise, 

imaging was considered improved or stable and scores of 1 or 2 were given. Finally, if for 

two consecutive visits a patient’s imaging had worsened by less than the tumor recurrence 

cutoff, a score of 3c was assigned to the latest patient visit, suggesting they are highly likely 

to experience tumor recurrence. By using these cutoffs in a decision-tree-based approach, 

along with the lesion volumes and relevant clinical and medication information retrieved 

from REDCap, BrICS-LIT makes automated disease-state classifications. 
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6.3 RESULTS 

6.3.1 Segmentation for RT Planning 

In Table 6.2, we compare our 2D and 3D fully automated segmentation models. 

When comparing the purely CNN-based 2D Unet and Resunet models to the 2D Swin-

Unet model, we see a similar segmentation performance during training for both GTVs. 

However, the Resunet outperforms the 2D Swin-Unet model for GTV2 segmentation in 

the test dataset with a Dice score of 0.57. The 2D Swin-Unet model outperforms the other 

2D approaches for GTV1 segmentation with a test Dice score of 0.64, which is comparable 

to even the 3D approaches. 

Table 6.2. A comparison of 2D and 3D approaches to post-surgical GTV segmentation. 

The CNN-based 3D Unet outperforms the other models on our test dataset with the highest 

Dice scores (bolded). 

Model 

GTV1 GTV2 

Train 

(Dice) 

Test 

(Dice) 

Test 

(Hausdorff) 

Test 

(Jaccard) 

Train 

(Dice) 

Test 

(Dice) 

Test 

(Hausdorff) 

Test 

(Jaccard) 

2D Unet 0.93 0.43 78.50 0.19 0.92 0.56 75.41 0.34 

2D Resunet 0.93 0.58 58.50 0.36 0.91 0.57 35.57 0.35 

2D Swin-Unet 0.89 0.64 60.71 0.44 0.86 0.51 35.63 0.31 

3D Unet 0.77 0.72 12.77 0.51 0.79 0.73 10.75 0.58 

3D Swin-

UNETR 
0.64 0.60 38.32 0.36 0.65 0.64 23.33 0.44 

 

While both 3D Unet and Swin-UNETR have found great success in brain tumor 

segmentation tasks in the past, the 3D Unet outperformed 3D Swin-UNETR for our task 

of segmenting radiation treatment contours and, importantly, this was inclusding the 

surgical resection cavity. Interestingly, with the early stopping criteria we had in place for 

each training task, the Swin-UNETR model converged at a lower training Dice score of 
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0.64 for GTV1 and 0.65 for GTV2, whereas the 3D Unet model converged at higher GTV1 

and GTV2 training Dice scores of 0.77 and 0.79, respectively. The difference in Dice 

scores between training and testing was at most 0.06 for the 3D models. The table also 

includes the Hausdorff distance and Jaccard coefficient for the test dataset. A higher 

Hausdorff distance indicates a greater disagreement between prediction and ground truth 

as it calculates the largest distance between a point in the ground truth and its closest point 

in the prediction, while the Jaccard coefficient generally scales with the Dice score but 

penalizes poor predictions more, and is therefore consistently lower in the table. 

In Figure 6.4, we show example GTV segmentations from our best-performing 

model, the 3D Unet. The first two columns contain CE-T1w MRIs and the second two 

columns contain T2w/FLAIR MRIs for three patients from three different institutions. We 

show a 2D contour in axial orientation as well as a 3D volume rendering of the overlap 

between GTV prediction and clinician-derived contours in sagittal orientation. Our 

model’s GTV predictions are almost identical to those created by clinical experts, and we 

believe these examples illustrate the unique task that our model was trained to solve. For 

both GTVs, the resection cavity was included, as it typically receives a higher dose of 

radiation. During radiation treatment planning, clinicians can use the segmentations from 

CE-T1w to generate high-dose GTV2 contours and subtract the GTV2 contour from the 

GTV1 contour to generate a lower dose targeted towards edema and infiltrative disease. 

When evaluating the performance of the 3D Unet model further, about 75% of the 

test patients had a Dice score greater than 0.70 for GTV1 and greater than 0.67 for GTV2. 

This suggests that outliers in roughly a quarter of the test dataset caused the average 

performance of the model to decrease. To that end, Figure 6.5 shows some of the poorer-
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performing examples. In Figure 6.5A, while the model appears to segment the T2w/FLAIR 

hyperintensity and blood product quite well, it completely misses the small enhancing 

lesion in CE-T1w MRI, possibly missing it due to a lack of cavity nearby or its relatively 

small size. Figure 6.5B is an example where GTV2 is segmented in CE-T1w MRI, but the 

model underestimates the extent of T2w/FLAIR hyperintensity. This is possibly due to the 

relatively low contrast between abnormal and normal tissue on some of the 3D T2w/FLAIR 

acquisitions. Figure 6.5C is a case where the model confused the ventricle for a cavity as 

there was hyperintense T2w/FLAIR lesion in the same area. 

 

Figure 6.4. Example GTV2 (CE-T1w target) and GTV1 (T2w/FLAIR target) 

segmentations for patients from three different institutions with our best-performing 3D 

Unet model. For GTV2 and GTV1, we have included an axial view of the clinician GTVs 

(red) and the prediction (blue) as well as a volume-rendered view of the contour overlap in 
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the sagittal orientation. Dice scores are included between the 2D and volume rendering for 

each example. 

 

Figure 6.5. The three worst-performing cases of our 3D Unet model. In (A), the small CE-

T1w lesion is missed, possibly being confused for blood vessel. In (B), the model has 

difficulty capturing the entire extent of hyperintensity from the 3D T2w/FLAIR 

acquisition, and in (C), the model confuses the ventricle for the shape of a cavity, especially 

when there are T2w/FLAIR edema in the same region. 

6.3.2 Application of Segmentation in Longitudinal Tracking 

With a fully automated segmentation model trained on post-operative MRIs, we 

sought to test our model in our web application BrICS-LIT for automated longitudinal 

tracking. To that end, Figure 6.6 shows an example patient’s pre-operative/pre-RT and 

post-RT follow-up MRIs. Our 3D Unet model performed segmentations of T2w/FLAIR 

and CE-T1w lesions, and after Otsu thresholding, the cavity was removed from the CE-

T1w segmentations. Then, volumetric cutoffs that were used for RANO classification were 

applied to this patient’s lesion volumes. As per BT-RADS, the baseline score at post-

surgery, on the far right, received a score of 0. In the next follow-up visit after the 
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completion of RT, the CE-T1w lesion grew by almost 25% while the FLAIR lesion grew 

by slightly over 25%. A score of 3A was automatically given as imaging had worsened, 

but the visit was shortly after the completion of radiation treatment, and the increased 

volumes were attributed to radiation-related inflammation. In the following visit, lesion 

volumes increased by 37% and 27% for T2w/FLAIR and CE-T1w lesions, respectively. 

Due to the lesion volumes increasing for consecutive dates, a score of 3C was given, 

suggesting the lesion was highly likely to experience tumor recurrence. In the next visit, 

the T2w/FLAIR lesion volume had decreased but enhancement was similar or slightly 

larger. These mixed findings resulted in assigning the indeterminate BT-RADS score of 

3B. On the latest visit, the CE-T1w lesion volume increased by 70%, well over the 40% 

cutoff, immediately causing BrICS-LIT to assign a score of 4, highly probable for tumor 

recurrence. This also meets the criteria for RANO progressive disease. 
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Figure 6.6. The 3D Unet segmentation model implemented into our web application 

BrICS-LIT, displayed for an example patient’s post-operative and post-RT follow-up 

MRIs. Automated lesion segmentations (red overlay) and lesion volume cutoffs assist in 

generating automated structured reporting scores (bottom row) for post-treatment 

longitudinal tracking. 

Figure 6.7 shows a graph of changes in T2w/FLAIR and CE-T1w lesion over time, 

as well as corresponding BT-RADS scores for the same patient generated by BrICS-LIT 

for physician viewing. The sharp increase in both lesion volumes is apparent 6 months after 

surgery, signaling true tumor recurrence. 

 

Figure 6.7. Interactive chart tracking changes in CE-T1w lesion volume (ENH), 

T2w/FLAIR lesion volume, and structured reporting scores for the patient shown in Figure 

6.6. A drastic increase in lesion volume is seen 6 months after surgery. 

6.4 DISCUSSION 

With the advent of artificial intelligence in many domains of our daily lives, a 

question remains as to when it will be included in standard-of-care medical treatments. 

While there has been an entrepreneurial boom in integrating deep learning and machine 

learning to the domain of personalized medicine, there are still many challenges in 

including AI-based tools in clinical imaging workflows [118-120]. Some of these challenges 
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include the need for physicians to have efficient image processing software that can easily 

pre-process clinical imaging, handle computationally heavy algorithms, and perform 

inference, all while requiring minimal effort by the physician [121]. Furthermore, 

visualization tools can help physicians understand the reasoning behind predictions and 

decisions that AI algorithms make [121]. To that end, we trained the first deep learning 

segmentation algorithm for post-operative brain tumors for the purpose of radiation 

treatment planning and longitudinal tracking. With reliable GTV1 and GTV2 segmentation 

models that can perform segmentations in less than a minute, radiation oncologists can 

expediently generate GTV targets and add margins depending on their preferences to 

generate larger CTVs and PTVs for radiation treatment. These tools could potentially be 

integrated into radiation planning software commonly used by radiation oncologists. By 

using volumetric cutoffs, we can suggest completely automated disease-state 

classifications for the longitudinal tracking of post-treatment brain tumor patients, which 

we implemented using the BT-RADS rating scale in our online BrICS-LIT platform.  

In comparing our 2D and 3D segmentation approaches, it is evident that the 2D 

models are overtrained, as the training Dice scores were above 0.90 while the testing Dice 

scores ranged between 0.43–0.64. We set early stopping criteria which would cause our 

models to stop training when the validation accuracy failed to improve after 10 epochs. 

This suggests that the 2D models were still learning some generalizable information, even 

if the gap between training and validation accuracy was steadily increasing. The benefit of 

using 3D approaches is that while their training accuracy was lower than the 2D models, 

the testing accuracy was somewhat aligned with the training accuracy, leading us to believe 

the 3D approaches are more robust with test images. 
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Our best-performing segmentation model was the CNN-based 3D Unet, with test 

Dice scores of 0.72 and 0.73 for GTV1 and GTV2, respectively. In comparison, 

segmentation models that won the BraTS challenge typically achieve test Dice scores close 

to 0.90 or higher. The distribution of Dice scores in our test dataset suggests that there were 

a few cases that severely decreased the mean Dice score, which gives us room for 

improvement. The models struggled with small residual enhancing lesions in CE-T1w with 

minimal cavities, which can easily be confused for blood vessels. In such cases, physicians 

would need to know in advance whether there is sufficient cavity/lesion for the model to 

segment more accurately. They also struggled with the task of differentiating cavity from 

ventricle, especially when there was T2w/FLAIR hyperintense lesion in the same area. 

Finally, the model appears to struggle with capturing the entire extent of the lesion 

boundary in 3D T2w/FLAIR, where the acquisitions prioritize higher spatial resolution 

over contrast. Although we implemented several augmentation techniques such as random 

intensity shifting and random k-space sampling to mimic various levels of spatial 

resolution, we found that augmentation did not improve our models’ ability to generalize 

to the test data. Future efforts will involve curating a more diverse training dataset that also 

includes smaller residual enhancing lesions and a higher number of 3D T2w/FLAIR 

acquisitions. Ensuring that models have good-quality, high-contrast 3D FLAIR 

acquisitions can also help with segmentation.  

Many brain tumor segmentation efforts use four sets of images to help segment 

lesions—T1w pre-contrast MRI, CE-T1w, T2w MRI, and T2w/FLAIR. The Swin-UNETR 

model achieved high Dice scores with the pre-operative BraTS dataset by utilizing all four 

sets of images. The encoder region of the model utilizes Swin transformers, which in theory 
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would help the model determine affinities between different regions of the image. We 

believe it may have underperformed with our smaller training dataset with fewer image 

channels due to its complexity. A model of that complexity may have overfit the dataset, 

and with our early stopping criteria, converged too quickly even with small learning rates 

compared to the 3D Unet model. We chose to train our models with only CE-T1w and 

T2w/FLAIR MRI in order for our models to fit within clinical workflows with minimal 

effort, since CE-T1w and T2w/FLAIR are the sequences most heavily relied on by 

radiologists, radiation oncologists, and neurosurgeons to identify tumors. When housing 

our models in web applications like BrICS-LIT or even attempting to integrate them in 

clinical software like Velocity (Varian Medical Systems), we wanted our models to have 

as few requirements as possible to enable easy integration. For example, our goal with 

BrICS-LIT is the longitudinal tracking of brain tumor patients in clinical and research 

settings. It is far easier for researchers and clinicians to use our models in BrICS-LIT if the 

models only require the imaging that the clinicians were currently viewing as inputs. We 

do acknowledge that extra imaging, and most importantly the T1w pre-contrast MRI, could 

potentially improve our models’ segmentation accuracy. To address this concern, efforts 

are currently underway to train generative adversarial networks (GANs) on the BraTS 2021 

dataset to artificially generate T1w-pre contrast and T2w MRIs from CE-T1w and 

T2w/FLAIR MRIs [122-124]. With a complete dataset from four imaging modalities, we 

plan to use previous BraTS competition-winning models that are trained on pre-operative 

MRIs and perform transfer learning on our dataset to finetune the task of including cavities, 

blood product, and the entire extent of hyperintense edemas. 
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As demonstrated in Figure 6.6, we have already integrated our model in our web 

application (BrICS-LIT) that is actively used by clinicians and researchers. By performing 

automated lesion segmentation and using quantitative volumetric cutoffs, we have shown 

our post-operative segmentation algorithms can help us generate automated disease-state 

classifications for BT-RADS and RANO. While borrowing volumetric cutoffs used for 

RANO classification have led to interesting BT-RADS classifications, we acknowledge 

that both structured reporting criteria may require different volumetric cutoffs that are more 

suitable for each. To mitigate this issue, we have a de-identified, independent database of 

over 150 patients with clinician-assigned BT-RADS scores that we will treat as the gold 

standard to help determine new volumetric cutoffs specific to BT-RADS. Furthermore, 

simply using percentage changes in lesion volume has its own limitations. For example, a 

patient could have a residual enhancing lesion that is only 0.4 cc. In their next visit, that 

lesion could grow by 50% to 0.6 cc. While our automated algorithm would likely say the 

tumor has recurred purely based on percent change, that 0.2 cc increase in lesion volume 

could simply be a rounding error in our segmentation algorithm. To address this point, we 

are investigating the use of classification and regression tree-based machine-learning 

approaches to predict disease-state classifications using lesion volumes and other relevant 

clinical information. 

6.5 CONCLUSION 

While there have been several successful efforts in the past to segment brain tumor 

lesions in an automated manner from MRIs, they tend to focus on pre-operative brain 

MRIs, which may limit their usefulness in clinical use and in clinical trials. Here, we have 

trained popular medical image segmentation algorithms for post-operative, residual brain 
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tumors for the purpose of radiation treatment planning and longitudinal tracking. The best-

performing 3D Unet can segment lesions with over 70% accuracy for most of our test cases 

and has already been integrated into our BrICS-LIT web application for clinician and 

research use. 
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Chapter 7. Final report on clinical outcomes and tumor 

recurrence patterns of a human pilot study assessing efficacy of 

belinostat (PXD-101) combined with chemoradiation in 

treating newly diagnosed glioblastoma 

7.1 INTRODUCTION 

Glioblastoma (GBM) is the most common primary brain tumor in adults. It is highly 

aggressive and associated with poor prognosis (despite multimodal treatment). The current 

treatment paradigm consists of maximal safe neurosurgical resection followed by radiation 

therapy (RT) with concurrent and adjuvant temozolomide (TMZ). This regimen consists 

of focal RT to 60 Gy over 6 weeks with concurrent TMZ given at 75 mg/m2/day followed 

by adjuvant TMZ given at 150–200 mg/m2/day for days 1 to 5 of a 28-day cycle for up to 

12 months. Despite comprehensive treatments, median overall survival (OS) remains at 16 

months [6,10,40,42,58,125].  

Histone deacetylases regulate a wide variety of cellular functions and play a role in 

re-differentiation of various tumors. Histone deacetylase inhibitors (HDACi) have been 

shown to improve outcomes for patients with gliomas [126]. In 2006, suberanilohydroxamic 

acid (SAHA), a first-generation HDACi which targets multiple class I and class II HDAC 

family members, became the first HDACi to receive FDA approval for advanced cutaneous 

T-cell lymphomas [127]. 

Belinostat (PXD-101, Acrotech Biopharma, LLC, East Windsor, NJ), a later 

generation pan-HDACi, improves upon SAHA with increased potency and BBB 
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penetration [128,129]. Belinostat received FDA approval for patients with 

relapsed/refractory peripheral T-cell lymphoma in 2014 [130]. Preclinical investigations 

have shown antitumor effects in orthotopic glioma animal models [131]. This suggests that 

development of a potent HDACi capable of penetrating the BBB has the potential to 

improve outcomes of patients with GBM. In addition to anti-tumor effects, we reported 

that belinostat restores the bottle neck enzyme levels of normal brain metabolites, N-

acetylaspartate (NAA) and myo-inositol, in vitro to a greater extent than other HDACis 

[131]. Furthermore, spectroscopic magnetic resonance imaging (sMRI), a quantitative 

imaging technique that assesses metabolic responses in vivo without any contrast agent 

injection, has been used to show a GBM patient with an IDH mutation (without MGMT 

promoter hypermethylation) exhibited remarkable response to belinostat combined with 

chemoradiation therapy [132]. In that case restoration of NAA, creatine and myo-inositol, 

reached the levels of healthy subjects. 

We previously reported interim PFS and sMRI findings in GBM patients receiving 

belinostat [131,132]. With 50 months of median follow-up, we report the final clinical 

outcomes and tumor recurrence patterns of patients enrolled in this study.  

7.2 METHODS 

7.2.1 Patient Enrollment 

Patients with newly diagnosed GBM were enrolled in either the control or treatment 

arm of the Institutional Review Board (IRB)-approved clinical trial at Emory and Johns 

Hopkins (ClinicalTrials.gov ID NCT02137759). Patients on the treatment arm received 
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intravenous belinostat (Acrotech Biopharma, LLC, East Windsor, NJ, USA) as an 

investigational therapeutic.  

7.2.2 Treatment 

This was not a randomized study; patients were serially enrolled into the control arm 

from 2014 to 2015 and then the belinostat treatment arm from 2015 to 2018. All patients, 

if surgical candidates, underwent maximal safe tumor resection before enrolling in the 

study. Patients in both arms received standard treatment including daily TMZ (75 mg/m2) 

and focal radiation doses of 51 Gy to T2/FLAIR abnormality (GTV1) and 60 Gy to the 

resection cavity/residual contrast-enhancing (CE) tissue (GTV2) on T1-weighted contrast-

enhanced MRI (T1w-CE). Margins of 5 to 10 mm were added to generate clinical tumor 

volumes (CTVs) and 3 to 5 mm to generate planning treatment volumes (PTVs) to account 

for microscopic disease spread and treatment setup uncertainty, respectively. PTV1 is the 

FLAIR abnormal volume receiving 51 Gy while PTV2 is the T1w-CE volume receiving 

60 Gy. The choice to use two radiation target volumes is common practice for participating 

institutions in this trial and recognized by organizations such as RTOG and ASCO [133,134]. 

Further, a two-target regimen has been conducted in other clinical trials to success 

[21,41,42,133-135]. Enhancing lesions in T1w-CE imaging are highly specific for tumor as 

those regions of the brain have experienced a breakdown of the BBB, justifying a higher 

radiation dose of 60 Gy. While spreading hyperintensities in T2/FLAIR are indicative of 

infiltrating tumor, they also include edema and inflammation, justifying a lower radiation 

dose.  
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In the treatment arm, patients received daily intravenous doses of belinostat for five 

consecutive days in three cycles, three weeks apart, beginning one week before the start of 

chemoradiation. The first three patients received 750 mg/m2 of belinostat. However, due 

to two of the patients having adverse hematologic toxicity during the course of belinostat, 

TMZ, and radiation, the belinostat dose was lowered to 500 mg/m2 for the remaining 

patients in the trial. Patients were followed with standard MRIs for 12 months post-

treatment or until radiographic progression of disease. The study timeline for the belinostat 

cohort is summarized in Figure 7.1. Patients in both the control and belinostat cohorts 

underwent the same radiation therapy dose plan guided by T1w-CE and T2/FLAIR 

imaging. PFS is reported for patients based on time to radiologic confirmation of disease 

progression from the date of surgery. Data are right censored for patients who were lost to 

follow-up. Kaplan-Meier curves for OS were generated. 

 

Figure 7.1. One-year timeline of chemotherapy, intravenous belinostat, and radiation for 

patients in NCT02137759.  

sMRI data were acquired for patients before starting treatment and four weeks post-

RT. The sMRI data acquisition combined 3D echo-planar spectroscopic imaging, with 

GRAPPA (Generalized Autocalibrating Partial Parallel Acquisition) parallelization, and 

elliptical k-space encoding (TE/TR/FA = 17.6ms/1551ms/71°) on 3T MRI scanners with a 
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32-channel head coil array (Siemens Healthineers or Philips Healthcare) [50]. Raw data 

were processed using the Metabolite Imaging and Data Analysis System (MIDAS) 

(University of Miami) [50,51,61] with a nominal voxel size of 4.4 mm × 4.4 mm × 5.6 mm. 

Metabolite maps generated included choline (Cho), Creatine (Cr), N-acetylaspartate 

(NAA), as well as Cho/NAA ratio maps [12]. Metabolite and ratio maps were then imported 

into the Brain Imaging Collaboration Suite (BrICS) for registration with the radiation 

planning MRI images [52]. A new volume was created based on union of Cho/NAA 

elevated lesions with residual contrast-enhancing volume (excluding resection cavity) as 

described in our dose escalation trial scheme [52]. 

7.2.3 Follow-Up 

After completing enrollment in August of 2018, we continued to track patients to 

assess long-term outcomes and recurrence patterns. Tumor progression was determined 

using a combination of the BT-RADS (The Brain Tumor Reporting and Data System) 

structured reporting criteria as well as clinical judgment, which is standard practice at 

Emory University [30,31,53,109]. For each patient, T1w-CE MRIs were acquired at the 

radiologically confirmed progression dates and co-registered to MRIs used for RT 

planning. The recurrence volumes based on enhancement in T1w-CE MRIs (rGTVs) were 

generated by manually contouring abnormal enhancement in the progressed MRIs. Overlap 

statistics were calculated between rGTV and PTVs (PTV 1 and 2) as well as calculation of 

the minimum, maximum, and mean radiation doses that the rGTV volume received using 

in-house automated algorithms to perform voxel-wise dose comparisons. Radiation doses 

received by each volume were extracted from the clinical system using the Eclipse 

Scripting Application Programming Interface (ESAPI) which is built into the Eclipse 
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treatment-planning platform (Varian Medical Systems, Inc., Palo Alto, CA, USA). 

Incorporation with this platform enabled automation of our method, saving time and errors 

that often occur from manual data extraction, with the additional benefit of using the 

original measurements of the radiation dose clouds for a comparison to tumor recurrence 

in terms of the range and median doses received by those regions. Two patients were 

excluded from analysis of rGTV due to follow-up imaging being unavailable. 

7.3 RESULTS 

7.3.1 Survival Analysis 

A total of 26 patients were enrolled (13 control and 13 belinostat) with median 

follow-up of 50 months. Patient/tumor characteristics were similar between cohorts (Table 

A1); summary statistics are highlighted in Table 7.1.  

Table 7.1. Summary statistics for both cohorts including tabulation of significant toxicities 

(≥grade 3) in all patients. * All occurrences were at 750 mg/m2/day dosing. 

 
Control Belinostat 

Number of Patients 13 13 

Age 58.5 ± 11.1 51.2 ± 11.6 

IDH1 Mutation 1 (7.7%) 1 (7.7%) 

MGMT Methylated 4 (30.8%) 4 (30.8%) 

Toxicities (Grade)   

Thrombocytopenia (4) 0/13 2/13* 

Neutropenia (4) 0/13 1/13* 

Lymphopenia (3) 3/13 1/13* 
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Median OS was 15.8 months for the control cohort and 18.5 months for the 

belinostat cohort (p = 0.53). Comparison of OS curves for the two cohorts are shown in 

Figure 7.2A. 6-month PFS was 54% and 84% (p = 0.073) for the control and the belinostat 

cohorts, respectively, reported previously [12]. The median PFS was 9.0 months for the 

control and 9.3 months for the belinostat cohorts (p = 0.75).  

Constipation (3) 1/13 1/13 

Fatigue (3) 1/13 1/13 

Confusion (3) 1/13 0/13 
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Figure 7.2. (A) Overall Survival (OS) Kaplan-Meier Survival Curves. The median OS for 

the control and belinostat cohorts was 15.8 and 18.5 months, respectively (p = 0.53), for 

all patients. (B) Progression free survival (PFS) for all patients. The median PFS for control 

and belinostat cohorts was 9.0 months and 9.3 months, respectively (p = 0.75). 

7.3.2 Radiation Overlap Statistics 

To gain a greater understanding of enhancing recurrence patterns relative the 

radiation dose distribution in study patients, we determined the actual dose received by the 
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region of recurrence. The minimum, maximum, and mean radiation dose to rGTV, the 

percentage of rGTV that occurred in PTV1, and the percentage of rGTV that occurred in 

PTV2 for each patient enrolled in the trial was determined and is listed in Table 7.2. For 

example, for patient QINU01EM008, the minimum, maximum, and mean radiation dose 

to rGTV was 11.8 Gy, 64.7 Gy, and 58.7 Gy, respectively. For that same patient, 90.9% of 

the rGTV recurrence volume occurred within the PTV1 treatment contour while 69.9% of 

the recurrence occurred within PTV2. This would suggest that for this patient, most of the 

recurred lesion was within the PTV radiation targets. For the control versus the belinostat 

cohort, the minimum, maximum, and mean radiation dose to rGTV was on average 54.6 

versus 45.0 Gy (p = 0.20), 64.1 versus 57.9 Gy (p = 0.11), and 62.0 versus 51.5 Gy (p = 

0.042), respectively. For the control versus the belinostat cohorts, the mean percentage of 

rGTV within PTV1 and PTV2 was 99.3% versus 73.9% (p = 0.052) and 97.1% versus 

69.0% (p = 0.034), respectively. While all control patients had in-field failure as the site of 

first recurrence, only ten out of 13 belinostat patients failed in-field initially. Figure 7.3 

illustrates out-of-field failure in the three remaining belinostat patients (cohort 2). For those 

patients, there were regions of rGTV that fell squarely within the PTV1 and PTV2 

contours, illustrating instances of failure “in-field” of radiation. However, these three cases 

also show instances where rGTV was either completely outside of the PTV contours or 

spread from outside of the PTV contours (as suggested by the red arrows). 

Table 7.2. Minimum, maximum, and mean radiation dose to recurrence volume (rGTV), 

overlap between rGTV and PTV1, and overlap between rGTV and PTV2. 

Study ID 
Minimum 

Dose (Gy) 

Maximum 

Dose (Gy) 

Mean 

Dose 

(Gy) 

rGTV 

Overlap 

with PTV1 

rGTV Overlap with 

PTV2 

Cohort 1      

QINU01EM001 59.0 65.2 62.3 100.0% 100.0% 
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QINU01EM002 61.1 63.4 62.4 100.0% 100.0% 

QINU01EM003 59.4 63.8 61.8 100.0% 100.0% 

QINU01EM004 61.9 64.5 63.1 100.0% 100.0% 

QINU01EM005 60.3 63.5 62.5 100.0% 100.0% 

QINU01EM006 61.1 64.2 62.5 100.0% 100.0% 

QINU01EM007 60.2 63.6 62.0 100.0% 100.0% 

QINU01EM008 11.8 64.7 58.7 90.9% 69.9% 

QINU01EM010 52.2 64.7 62.3 100.0% 99.1% 

QINU01EM011 44.1 64.7 62.2 99.8% 99.5% 

QINU01EM012 58.7 63.6 61.9 100.0% 94.5% 

QINU01EM013 59.0 64.1 61.8 100.0% 100.0% 

QINU01JH001 60.1 63.2 61.4 100.0% 99.8% 

Cohort 2      

QINU01EM014 52.2 63.2 58.2 100.0% 50.1% 

QINU01EM015 58.7 62.8 61.2 100.0% 96.2% 

QINU01EM016 56.2 64.9 62.8 99.2% 99.2% 

QINU01EM017 10.9 50.3 25.2 0.0% 0.0% 

QINU01EM019 60.2 63.2 61.6 100.0% 100.0% 

QINU01EM021 * * * * * 

QINU01EM022 59.6 62.8 61.0 100.0% 100.0% 

QINU01EM023 45.6 53.4 50.3 0.0% 0.0% 

QINU01EM024 59.5 63.8 61.6 100.0% 100.0% 

QINU01JH002 60.0 62.1 61.0 100.0% 100.0% 

QINU01JH003 1.9 63.8 32.3 13.4% 13.4% 

QINU01EM025 19.8 21.7 20.9 100.0% 100.0% 

QINU01EM026 * * * * * 
 

*Follow-up imaging was not available for recurrence analysis 
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s  

Figure 7.3. T1 post-contrast imaging in three patients, by horizontal row, with out of field 

recurrence in cohort 2. For each patient, the enhancing recurrence contour (rGTV) 

encompasses lesion that has spread outside the extent of radiation treatment targets PTV1 

(guided by T2/FLAIR) or PTV2 (guided by T1w-CE). 

7.3.3 Recurrence Analysis and Toxicities 

In Figure 7.4, we sought to explore why three patients in the belinostat cohort had 

worse outcomes than historical controls. We investigated Cho/NAA abnormalities in these 

patients’ pre-RT sMRI scan as Cho/NAA is a sensitive marker for regions at risk of 

recurrence [22]. The contours in the first column of Figure 7.4 depict the margin of two-
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fold or greater elevations in the Cho/NAA ratio (compared to the contralateral normal-

appearing white matter). In the second column these are overlaid on the standard contrast 

enhanced MRI images to show the substantial difference between what is usually 

recognized as residual tumor and regions that predict tumor extent by Cho/NAA. This level 

of Cho/NAA elevation equates to a mean Z-score of 6.62 as reported previously (with 

>99.999% confidence) [12]. In the third column, the margins for the two-fold or greater 

elevations in the Cho/NAA ratio are overlaid on FLAIR images. This shows somewhat 

greater but still incomplete concordance with the extent of the tumor predicted by the 

Cho/NAA ratio.  

 

Figure 7.4. Pre-RT sMRI scans suggest out-of-field recurrence in the belinostat cohort 

with tumor infiltration beyond what is shown in standard imaging. (A) This patient had 

two-fold Cho/NAA elevation that had spread contralaterally. While pre-RT standard 

imaging failed to detect this, FLAIR hyperintensity at recurrence mimics the direction of 
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tumor infiltration detected by pre-RT sMRI. (B) The second patient had tumor infiltration 

across the midline that wasn’t detected by pre-RT standard imaging. Lesions at recurrence 

in both T1w-CE and FLAIR MRIs confirm Cho/NAA abnormalities in the pre-RT sMRI 

scan, suggesting standard imaging underestimated the extent of tumor infiltration. (C) This 

patient had a large lesion of metabolically active tumor that was not shown in T1w-CE, 

thus, undertreated, which became apparent at recurrence. 

Axial slices in Figure 7.4 were chosen to most emphasize regions of tumor 

recurrence that were detectable in pre-RT Cho/NAA imaging. In row 4A, Cho/NAA 

elevation showed tumor spreading to the contralateral side through the corpus callosum, 

which wasn’t apparent in pre-RT T1w-CE or FLAIR MRIs, and thus was not treated within 

the radiation treatment plan. At recurrence, FLAIR hyperintensity had spread 

contralaterally in a similar direction to the Cho/NAA abnormality confirming tumor 

infiltration that was not treated during RT. In row 4B, the pre-RT Cho/NAA abnormality 

crosses the midline, which wasn’t apparent in T1w-CE or even in FLAIR MRIs. Less than 

a year after RT, recurrence patterns with standard imaging confirmed findings in the pre-

RT sMRI scan with both enhancement and FLAIR hyperintensity apparent within the pre-

RT Cho/NAA contour. For this patient especially, the morphology of the T1w-CE and 

FLAIR lesions evolved throughout the follow-up period to approximate the morphology 

of the pre-RT Cho/NAA abnormality. In row 4C, the pre-RT Cho/NAA abnormality spread 

widely anterior to the resection cavity, which was not visible in T1w-CE. Thus, this 

elevated Cho/NAA ratio abnormality was incompletely treated with high dose radiation. 

The recurrence pattern confirmed the findings in the pre-RT sMRI scan. The T1w-CE and 

FLAIR studies demonstrate increasing enhancement evolved throughout the follow-up 

period to approximate the morphology of the pre-RT Cho/NAA ratio abnormality. In 

summary, these three cases suggest that standard imaging underestimates the true extent of 

tumor infiltration, causing these patients to be undertreated and have a lower survival. 
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When excluding these three patients, the median OS of the belinostat cohort increases to 

over 30 months.  

Treatment with belinostat given at a dose of 750 mg/m2/day × five days every three 

weeks during week zero (pre-RT) as well as week three and week six of RT resulted in 

dose limiting toxicities (DLTs) (two with grade 4 thrombocytopenia and one with grade 

neutropenia) in two of three patients. However, after de-escalation of the belinostat dose to 

500 mg/m2/day in the remaining cohort patients, no further DLTs were experienced. 

Significant toxicities (grade 3 or greater) that were judged to at least possibly be due to 

therapy for our control and belinostat cohorts are summarized in Table 7.1. Overall, the 

addition of belinostat at the 500 mg/m2/day dosing to concurrent RT/TMZ appears to be 

well tolerated. 

7.4 DISCUSSION 

Here, we report the final results of a pilot study adding belinostat to concurrent RT 

and TMZ for patients with newly diagnosed GBMs [131]. Previously, the cohort receiving 

belinostat showed an improved six-month PFS compared to the control cohort (54% vs. 

84%, p = 0.073). In Figure 7.2B, the beneficial effects of belinostat delaying tumor 

progression appear to decline by month nine. A speculated reason for the improved PFS at 

six months but not by nine months is that belinostat was only given to subjects for a short 

duration throughout RT. HDACis such as belinostat are known to be reversible drugs, with 

epigenetic stress in tumors and the microenvironment resuming in the absence of HDACis 

resulting in a truncated effect. In our final analysis, the median overall survival was 

promising appearing slightly longer (by about 2.7 months) for the belinostat cohort. While 
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the result is not statistically significant, this may be in part due to the small sample size. In 

a recent cooperative group trial (NRG-BN001) comparing dose-escalated to conventional 

dose RT for newly diagnosed GBM patients, patients on the experimental arm that received 

dose-escalated photon radiation had a median OS of 18.7 months [42]. The similarity in 

median OS benefit between the dose-escalated treatment arm of BN001 and our belinostat 

cohort points to the potential of belinostat possibly having a radiation sensitizer effect on 

patients comparable to dose escalation. In our trial, the voxel-based analysis of recurrence 

patterns comparing recurrent voxels to those in PTV2 indicates a potential shift of 

recurrences being more out-of-field suggesting that in-field control was improved due to 

the radiosensitizing effects of belinostat.  

Pre-RT sMRI scans for a few representative belinostat patients reveal larger tumor 

extents (median volume difference was 6.2-fold between union of Cho/NAA ≥ 2*x and 

residual tumor vs. residual tumor volume in all belinostat group patients) than were 

detected in standard imaging. Therefore, these portions of the lesion (as defined by 

Cho/NAA) were left undertreated. RT plans for all patients on the trial were guided by 

abnormality in T1w-CE and FLAIR only. Recurrence patterns confirm that pre-RT sMRI 

findings provide a possible reason for some in the belinostat cohort having an OS that was 

lower than that in historical controls. Due to the initial study design, we were only 

permitted to perform sMRI scans up to four weeks after completion of radiation therapy. 

In the future, we hope to include the sMRI sequence during patient follow-up as it is a 

valuable predictor of tumor infiltration extent.  

The wide variability in OS suggests that some patients respond much more 

positively to a belinostat regimen while for others, the effect is minimal. While HDAC 
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inhibitors are powerful epigenetic modulators, they are still target-specific drugs. They are 

hypothesized to work in the subgroup of patients whose tumorigenesis is driven by 

epigenetic modifications. This encourages investigation into whether certain subtypes of 

GBMs are more genetically predisposed to react positively to HDACi’s like belinostat. 

Unfortunately, our sample size was too small to identify molecular subtypes that were 

responsive to belinostat. Interestingly, one patient with an IDH mutation who responded 

remarkably well to belinostat [132]. With this patient, there was not only a visible size 

reduction of metabolically active tumor volume but also the metabolic activity in the 

contralateral side of the brain was restored to healthy levels. This supports the observations 

reported by other groups that IDH1/2 mutations in grade IV astrocytomas are associated 

with a fascinating link to 2-hydroxyglutarate (2-HG) accumulation representing an altered 

metabolite profile, which may have broad implications for both cancer epigenetics and 

clinical management of disease [136]. While it is difficult to run a clinical trial in grade IV 

astrocytomas with IDH mutation in a single institution since the incident rate is low, it may 

be beneficial to run a multisite trial to determine if grade IV astrocytomas with IDH 

mutation are unusually sensitive to belinostat.  

Patients receiving belinostat on our study appear to have a different recurrence 

pattern than those in the control cohort. In particular, the mean radiation dose to the rGTV 

region was statistically significantly lower in the belinostat cohort than that in the control 

cohort (51.5 Gy vs. 62.0 Gy, p = 0.042) while other comparisons of the minimum and 

maximum dose to rGTV were similarly trending in the same direction. This suggests that 

concurrent belinostat may be delaying recurrences in regions that received higher radiation 

doses. The overlap between rGTV and PTV treatment zones was also lower in the 
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belinostat cohort than that in the control cohort. In particular, the mean overlap between 

rGTV and PTV2, which received the highest dose of radiation, was significantly lower in 

the belinostat patients than that for the control (69.0% vs. 97.1%, p = 0.034). Overall, these 

trends look promising for belinostat’s activity in GBM especially in concert with full dose 

RT. This is further supported by the three patients in the belinostat cohort that had out-of-

field recurrence as the first site of recurrence. In them the belinostat was unable to 

significantly impede recurrences when RT dose was inadequate.  

Finally, the addition of belinostat to concurrent RT/TMZ at a dose of 750 

mg/m2/day x five days every three weeks starting one week prior to RT did result in DLTs 

in two of three patients that completed this therapy. In one case, grade 4 thrombocytopenia 

first developed just prior to cycle one of adjuvant TMZ. In the other case, grade 4 

thrombocytopenia and neutropenia did not develop until after receiving three cycles of 

adjuvant TMZ (more than four months following the last treatment with belinostat). While 

it is possible that these were spurious events as these hematologic toxicities can occur with 

TMZ alone, the lack of hematologic DLTs in our control cohort (N = 13) and the remaining 

belinostat cohort (N = 10) treated at 500 mg/m2/day argues for implicating belinostat in 

these DLTs. Also, at the lower belinostat dose, no unusual toxicity was definitively noted. 

Thus, based on our limited experience, the dosing regimen of three cycles of belinostat at 

500 mg/m2/day x five days every three weeks during concurrent RT/TMZ is well tolerated 

and should serve as a point of departure for dosing in future trials evaluating belinostat in 

combination with RT and TMZ.  

Due to limitations in the study including a small sample size in each cohort, a wide 

range of survival responses to belinostat, as well as toxicities from initially larger doses of 
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administered belinostat, future work will require larger cohorts with manageable belinostat 

dosing regimens to discern the true effect size of this treatment. In this trial, belinostat was 

only administered during RT. Since an HDACi such as belinostat is a reversible drug and 

epigenetic modification-induced stress remains, we hypothesize that extended use of 

belinostat during the maintenance period after radiation therapy may further improve 

outcomes in patients. This will require future testing to assess the safety and efficacy of 

belinostat when combined with adjuvant TMZ. Based on the results of this pilot study, we 

are planning a multisite trial with a larger cohort of patients that will also including 

maintenance belinostat after sMRI-guided radiation treatment.  

7.5 CONCLUSION 

In summary, we have established that belinostat can be safely given with concurrent 

RT and TMZ and is trending towards improving outcomes in newly diagnosed GBM 

patients. Since recurrence volumes in the control cohort had larger overlap with PTV2s 

(volume receiving 60 Gy) than in the belinostat cohort, this suggests that belinostat has a 

better likelihood of delaying recurrence in those regions receiving 60 Gy. Trends in this 

study highlight the potential of belinostat, a BBB-penetrating HDACi, as a synergistic 

therapeutic agent for GBM treatment. 
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Chapter 8. The Utility of Spectroscopic MRI in Stereotactic 

Biopsy and Radiotherapy Guidance in Newly Diagnosed 

Glioblastoma 

8.1 INTRODUCTION 

Gliomas represent one of the most prevalent types of central nervous system 

neoplasm in the United States. Initial glioma management relies on standard MRI, in which 

T1-weighted contrast-enhanced (T1w-CE) imaging is heavily used to determine tumor 

extent and pathologic assessment. While maximal resection is preferred, many patients will 

only undergo more limited biopsy due to tumor size and location, particularly when there 

is involvement of areas of eloquent brain. Contrast-enhancement indicates areas of blood-

brain barrier disruption and leaky tumor neovasculature, which is the hallmark of high-

grade gliomas. When initial diagnosis is obtained by stereotactic sampling of a small 

portion of the tumor, pathological determination may be subject to sampling error leading 

to tumor mistyping, under-grading or even nondiagnostic specimens [137]. Areas of 

contrast enhancement are typically used to define biopsy targets, but non-enhancing 

gliomas can be anaplastic (grade 3) in up to a third of cases and standard imaging becomes 

an unreliable predictor of tumor grade [138,139]. In non-enhancing gliomas, biopsy is 

traditionally taken from areas of hyperintensity on T2-weighted (T2w) and/or FLAIR 

(fluid-attenuated inversion recovery) images [15]. However, T2w/FLAIR hyperintensity is 

nonspecific and cannot differentiate non-enhancing tumor from edema, gliosis, radiation 

effects, ischemic injury, and infection [15,57]. These major pitfalls in standard diagnostic 

imaging create practical limitations in surgical biopsy of gliomas.  
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Because of the limitations with standard MRI, many additional advanced MR 

techniques have been proposed to facilitate biopsy guidance [140,141]. One of these 

techniques, whole-brain 3D spectroscopic MRI (sMRI), a type of magnetic resonance 

spectroscopic imaging, identifies the spatial distribution of endogenous metabolites and 

has shown benefit in glioma grading and differentiating tumor from non-tumor [142-144]. 

Several metabolites can be reliably evaluated with sMRI including choline-containing 

compounds (Cho), membrane components which are nearly always elevated in gliomas; 

creatine (Cr), an energy metabolite; N-acetylaspartate (NAA), a marker of healthy neurons; 

and myo-inositol (mI), a precursor of many secondary messaging molecules [145]. Early 

studies established that the spectra of brain tumors differ significantly from normal brain 

[12,146,147]. Increased levels of Cho and decreased levels of NAA are associated with 

tumor, suggesting that sMRI can be clinically useful in identifying tumor cells [18,20,43,146-

148]. T1w-CE and in T2w/FLAIR fail to capture these tumor regions that are detected by 

sMRI [12]. In a study published in 2016, sMRI was combined with 5-aminolevulinic acid 

fluorescence guided stereotactic tissue extraction to find that Cho/NAA abnormal regions 

were significantly correlated with two major quantitative measures of pathological tissue 

infiltration: SOX2 density and ex-vivo fluorescence [12]. In another small cohort study with 

10 patients, we demonstrated that sMRI can be predictive for subsequent recurrence in 

patients with WHO grade II and grade III gliomas. Specifically, the report establishes that 

regions of elevated Cho/NAA ratios compared to normal appearing white matter on the 

contralateral side of the brain serve as reliable imaging biomarkers for low-to-intermediate 

grade gliomas [13]. In glioma grades where contrast-enhancement is typically absent, this 

tumor marker becomes extremely valuable. At our institution, sMRI has been used as an 
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adjunct tool for image-guided biopsies in lower grade gliomas, including WHO grade II 

and grade III tumors. These heterogenous tumors typically present without consistent 

contrast enhancement on MRI, complicating optimal target planning for stereotactic 

biopsies and high dose radiation therapy. For selective challenging cases, we utilize sMRI 

to supplement conventional clinical MRI to increase the accuracy of stereotactic biopsy 

and obtain the most anaplastic glioma cells. Previous studies have shown that using a five-

fold increase in Cho/NAA (Cho/NAA ≥ 5X) compared to normal appearing white matter 

maximizes the tumor density within the target site [13]. Using our in-house cloud platform, 

the Brain Imaging Collaboration Suite (BrICS), we are able to create sMRI target volumes 

for a variety of clinical purposes (i.e., radiotherapy, surgery, and diagnostic biopsy) [32,52]. 

In this report, we present an example of one of our routine sMRI-guided biopsies to 

establish the importance and strength of utilizing metabolite mapping for diagnostic 

biopsies. 

Imaging techniques that can be validated with pathology, surgery, and biopsy are 

strong candidates to guide RT planning. sMRI has the potential to serve as the primary 

imaging technique for patients with GBM to guide their care from diagnosis to every stage 

of therapy. There is an urgent need to improve the current standard of care for GBMs 

which, currently guided by standard MRI, involves maximal safe neurosurgical tumor 

removal, followed by a course of radiation therapy (RT) combined with concurrent and 

subsequent administration of the chemotherapy agent temozolomide (TMZ) [40,149]. 

Despite this comprehensive treatment strategy, the median overall survival (OS) for GBM 

patients remains approximately 16 months [10,58]. There is mounting evidence that sMRI 

is a superior imaging biomarker compared to T1w-CE imaging for RT and can impact 
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survival outcomes positively [34]. For RT targeting, our previous work determined that a 

two-fold increase in Cho/NAA ratio compared to normal appearing white matter on the 

contralateral side of the brain (Cho/NAA ≥ 2X) can be used to detect regions of significant 

tumor infiltration [12,21]. Another avenue to improve the current treatment protocol for 

GBM involves the utilization of histone deactylase inhibitors (HDACi) which have been 

shown to improve outcomes in patients with gliomas [126,132]. This report performs a 

retrospective analysis on a two-site pilot study (NCT02137759) in which newly diagnosed 

GBM patients were treated with standard-of-care chemoradiation concurrently with 

belinostat, an HDACi. Belinostat, a reversable epigenetic drug, has been shown to possess 

among the best blood-brain barrier penetration properties among HDACi currently being 

investigated [128]. The primary outcomes of NCT02137759 found that median OS was not 

significantly different between the belinostat cohort (18.5 months) and control cohort (15.8 

months). However, recurrence analysis suggested that patients treated with belinostat were 

less likely to have disease progression within the field of treatment, which shows a 

radiosensitizing effect [22]. We hypothesize that one possible reason for OS not being 

significantly increased by the addition of belinostat is due to inadequate targeting of the 

tumor with standard MRI. In this paper, we investigate whether there is a relationship 

between undertreated tumor detected by sMRI and OS for patients treated with belinostat 

in the NCT02137759 pilot study. We also conducted a unique volumetric analysis to 

elucidate recurrence patterns in relation to our Cho/NAA ≥ 2X volume and standard MRI-

derived treatment volumes. We hypothesize that tumor recurrence will occur in areas not 

targeted by standard MRI but demarcated by our sMRI biomarker. 
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8.2 METHODS 

8.2.1 Stereotactic Biopsy 

We identified a patient who required a stereotactic needle biopsy to characterize 

progression of her disease seen on standard imaging. The patient was a 36-year-old female 

previously diagnosed with WHO grade II astrocytoma with IDH mutation with a sub-total 

resection. On subsequent surveillance imaging, findings suggested progression and 

stereotactic needle biopsy was recommended. Whole-brain 3D echo-planar spectroscopic 

imaging (EPSI) and accelerated with Generalized Autocalibrating Partial Parallel 

Acquisition (GRAPPA) parallelization and elliptical k-space encoding (TE/TR/FA = 

17.6ms/1551ms/71°) on a Siemens 3-Tesla MRI scanner using a 32-channel head coil array 

(PRISMA, Siemens Healthineers, Erlangen, Germany) [50]. Padded foam blocks were used 

to stabilize the head and reduce motion related artifacts. First-order shims were optimized 

to a waterline width of 25 Hz while lipid signal was nulled using outer-volume suppression 

with manually placed saturation bands using the Syngo software [12]. Tissue water signal 

was collected in an interleaved manner with the metabolite data for signal normalization 

and image registration. The scan time was 15 minutes with a nominal voxel size of 314 µL, 

an FOV of 280 mm x 280 mm x 180 mm, and a matrix size of 50 x 50 x 18. The raw data 

was processed using the Metabolite Imaging and Data Analysis System (MIDAS) 

(University of Miami) to obtain metabolite maps with an interpolated voxel size of 4.4 x 

4.4 x 5.6 mm3 (effective resolution of 0.1 mL) and imported into BrICS [50,51,61]. At the 

same session, a non-contrast T1-weighted 3D magnetization-prepared rapid-acquisition 

gradient echo (MPRAGE, 1 mm3, TR/TE/FA = 2300 ms/3.4 ms/9 degrees) and 3D 
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T2w/FLAIR images (TR/TE/FA = 4800 ms/441 ms/120 degrees) with 1 mm isotropic 

voxels were obtained. T1w-CE with the same parameters as the non-contrast T1w sequence 

images were acquired at a different date prior to sMRI. Within BrICS, the sMRI images, 

T2w/FLAIR and T1w-CE were registered to the non-contrast T1w image acquired on the 

same date as the sMRI. A target biopsy volume was created using a Cho/NAA ≥ 5X 

threshold. The 5X volume was chosen to maximize tumor density and increase chances for 

a successful tumor sample acquisition. The volume mask and registered T1w-CE MRI were 

imported into the Medtronic Stealth S8 system for biopsy planning. A high-resolution CT 

image with voxel size of 1 mm3 was acquired prior to the biopsy to provide a high-

resolution image for registration of the skull. The CT image was registered to the T1w-CE 

image within the Medtronic system prior to the biopsy.  

8.2.2 Tumor Volume Determination (NCT02137759) 

The retrospective analysis of this report utilized data from 13 patients within the 

belinostat cohort of the NCT02137759 study, all of whom had pathologically confirmed, 

newly diagnosed grade IV GBM. Patients were enrolled from two clinical sites, Emory 

University(n=11) and Johns Hopkins University (n=2). Emory University patients were 

imaged on a Siemens 3T TIM/TRIO scanner (Siemens Healthineers, Erlangen, Germany) 

and Johns Hopkins patients were imaged on a Philips 3T Achieva scanner (Philips 

Healthcare, Massachusetts, United States). Whole-brain 3D EPSI was acquired with 

GRAPPA parallelization and elliptical k-space encoding (TE/TR/FA = 

17.6ms/1551ms/71°). A non-contrast and gadolinium contrast T1-weighted 3D MPRAGE 

(1 mm3, TR/TE/FA = 2300 ms/3.4 ms/9 degrees) were acquired. T2w/FLAIR images 

(TR/TE/FA = 10000 ms/121 ms/90 degrees) was also obtained. In accordance with the 
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updated 2021 WHO definition of grade IV GBM, one patient from Emory University with 

an IDH mutation was excluded from our retrospective analysis [59]. All patients underwent 

maximal safe surgical resection before enrolling in the study. Patients received standard 

treatment including daily TMZ at a dosage of 75 mg/m2 and focal radiation. The gross 

tumor volume 1 (GTV1) was created utilizing abnormal FLAIR signals and the gross tumor 

volume 2 (GTV2) was created using T1w-CE enhancement and included the resection 

cavity. Clinical tumor volumes (CTV1 and CTV2) were created by adding margins of 5 

mm to the GTVs. To accommodate microscopic disease spread and treatment uncertainty, 

another 3 mm margin was added to create planning treatment volumes (PTV1 and PTV2). 

The specific margin added to the CTV and PTV is determined by the physician and depends 

on the patients’ clinical characteristics, location of the tumor, and proximity to vital organs 

(brain stem, pons, medulla etc.) which cannot be targeted with radiation. For this analysis, 

the margins added were kept as close as possible to those listed above for both the CTV 

creation and PTV creation. Focal radiation doses of 51 Gy were delivered to PTV1 and 60 

Gy to PTV2 for each patient. All treatment volumes were verified by a board-certified 

radiation oncologist and pre-RT T1w-CE lesions were verified by a board-certified 

neuroradiologist. Patients also received daily intravenous doses of belinostat for five 

consecutive days in three cycles, three weeks apart, starting one week before 

chemoradiation [21,22].  

Patients were subsequently followed using standard MRI scans (T1w-CE and 

FLAIR) every two months for a period of 12 months after RT or until there was evidence 

of disease progression on radiographic imaging. Tumor progression dates were determined 

for each patient using criteria defined by the Brain Tumor Reporting and Data System (BT-
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RADS) and physician interpretation [30,31,53,109]. Each patient’s T1w-CE scans obtained 

at the radiological progression dates were co-registered to the MRIs that were initially used 

for RT planning. The recurrence volumes (rCE), as determined by these follow-up T1w-

CE images, were created by manual delineation of areas of abnormal enhancement present 

in scans obtained during monitoring of their diseases. All rCEs were verified by a board-

certified neuroradiologist. Image registration was performed using the Python SimpleITK 

library [150-152]. Manual lesion segmentation was performed in BrICS.  

This study used sMRI sequences collected prior to RT treatment. sMRI was 

acquired with 3T MRI scanners using a 32-channel head coil array (Siemens Healthineers 

or Philips Healthcare) with same parameters described above [50]. Raw data was processed 

using MIDAS [50,51,61]. sMRI lesion volumes were created in BrICS with Cho/NAA ≥ 2x 

as the threshold [52]. sMRI lesions volumes were independently verified by two MRSI 

experts for SNR and artifacts before and during generation of the 2X volumes. The treating 

radiation oncologist in collaboration with a neuro-radiologist would verify and make minor 

adjustments to the treatment volumes to optimize clinical care by removing apparent 

artifacts and reducing coverage of potential at-risk structures. 

8.2.3 Statistical Analysis/Survival Analysis 

For the 12-patient cohort, the difference was taken between lesion volumes from 

Cho/NAA ≥ 2x and pre-RT T1w-CE. The cohort was then split into two subgroups using 

the median difference of 16.1 cc as the cutoff. The High-Mismatch Group had a larger 

volume difference between Cho/NAA ≥ 2x and T1w-CE compared to the median 

difference. The Low-Mismatch Group had a lower volume difference between Cho/NAA 

≥ 2x and T1w-CE compared to the median difference. The Kaplan-Meier estimator was 
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used to calculate survival curves based on OS after a median follow-up time of 50 months. 

The Kaplan-Meier curves generated for each group were compared using a log-rank test. 

Finally, the R-squared correlation coefficient was calculated between lesion volumes from 

T1w-CE and Cho/NAA ≥ 2x. Statistical analysis was performed using the Python lifelines 

library [55].  

We also conducted an analysis of the total amount of rCE that was found in our 

pre-RT sMRI Cho/NAA 2X volumes for 11 patients in the cohort that had imaging from 

at least two follow-up visits. All post-progression dates were rigidly registered to images 

acquired at the date of progression. We then calculated the volume of rCE that was not 

included in the GTV2 or CTV2. Our equation to determine this volume is shown below 

with GTV used as an example.  

𝒓𝑪𝑬𝑬𝒙𝒄𝒍𝒖𝒅𝒆𝑮𝑻𝑽 = 𝒓𝑪𝑬 ∩ (𝑮𝑻𝑽)’ 

Using this volume, the total overlap with the pre-RT Cho/NAA ≥ 2x volume was 

calculated to determine the percentage of recurred voxels outside of high-dose radiation 

targets derived from standard imaging, that fall within pre-radiation sMRI targets. The 

equation for the percentage of rCE that intersected with Cho/NAA ≥ 2x is shown below. 

See Figure 8.1 for a graphical depiction.  

𝑶𝒗𝒆𝒓𝒍𝒂𝒑 (%) =
𝒓𝑪𝑬𝑬𝒙𝒄𝒍𝒖𝒅𝒆𝑮𝑻𝑽  ∩ (

𝑪𝒉𝒐
𝑵𝑨𝑨 ≥ 𝟐𝑿)

𝒓𝑪𝑬𝑬𝒙𝒄𝒍𝒖𝒅𝒆𝑮𝑻𝑽
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Figure 8.1. Graphical depiction of the calculations performed for overlap analysis. The 

goal of our analysis was to quantify the region of overlap (purple) between the recurring 

contrast enhanced volume (red) and Cho/NAA ≥ 2X excluding (light blue) the original 

treatment volume (GTV2 or CTV2), depicted in black. This would allow us to infer the 

capability of pretreatment sMRI in predicting areas of subsequent recurrence. 

 

Paired T-tests were used to compare the different groups. All volumes are presented 

in cubic centimeters (cc). For each group, volumes are presented as mean ± standard 

deviation.  

8.3 RESULTS 

8.3.1 Stereotactic Biopsy 

Figure 8.2 shows the standard MRI and Cho/NAA metabolite map for a case with 

ill-defined margins for biopsy. The lack of enhancement in T1w-CE and large T2w/FLAIR 

volume complicates the process of selecting an accurate biopsy target. Using BrICS, an 

ideal target zone of 4.9 cc for stereotactic biopsy was created using Cho/NAA ≥ 5X. The 
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3D contour of the 5X volume from BrICS shows the region with the highest density of 

tumor within the T1w image. The 5X contour was chosen as the biopsy target as previous 

studies have shown that it provides the maximal tumor density (close to 100% tumor) and 

provides surgeons with the highest chance of obtaining a tumor sample [12]. 

 

 

Figure 8.2. Patient with low grade glioma presented for repeat biopsy to assess possible 

disease progression. Due to lack of enhancement in CE-T1w and difficulty finding the 

areas most suspicious for progressive tumor within the FLAIR volume, sMRI was utilized 

to better delineate target for biopsy. As noted, the FLAIR volume (red) of 86.4 cc is too 

large to allow for adequate targeting during surgical biopsies. Cho/NAA ratio five times 

(yellow) abnormal was instead utilized to delineate biopsy target. The 3D contour of 

Cho/NAA ≥ 5X (yellow) and Cho/ NAA ≥ 2X (blue) is shown for comparison. The 2X 

volume is typically used for radiation-treatment while the 5X threshold maximizes tumor 

density and probability of a successful biopsy. All images are displayed in our in-house 

program, the Brain Imaging Collaboration Suite (BrICS). 

 

Figure 8.3 shows the 5X volume and registered MRI in the Medtronic S8 Stealth® 

Navigation Tool. The tissue sections obtained showed an infiltrating glioma with mixed 

morphology, tumor cells with both rounded and oblong hyperchromatic nuclei and 

moderate atypia and scattered mitotic figures. Due to the features present in the biopsy, the 

patient was reclassified from a grade II IDH-mutant to a grade III IDH-mutant astrocytoma 
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ultimately leading to a change in her treatment plan. This case underscores the significance 

of employing precise and specific imaging biomarkers to inform diagnostic procedures. 

 

 

Figure 8.3. Medtronic S8 Stealth® Navigation Tool with 5X Cho/NAA biopsy target 

displayed. Entry point coordinate was (72, 15, -14) and target point, depicted by the red 

crosshair, was at coordinates (36, 12, -15) in MRI DICOM space. Total travel distance was 

36.1 mm to reach target volume. The blue line shows the projected travel of the needle. 

The patient’s face is obscured for anonymity.  

 

8.3.2 NCT02137759 Retrospective Analysis 

The retrospective analysis was performed with 12 patients within the belinostat 

cohort of the clinical trial. The median difference between lesion volumes from Cho/NAA 

≥ 2x and T1w-CE was 16.1 cc. Each subgroup had a total of 6 patients with two patients 

with MGMT hypermethylation status. The High-Mismatch Group had much larger 
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differences between Cho/NAA ≥ 2x and T1w-CE, and therefore sMRI suggested there was 

more undertreated tumor during radiation treatment. The average pre-RT T1w-CE tumor 

volume post-resection for the High-Mismatch Group was 12.1 ± 4.5 cc and 10.1 ± 4.6 

cc for the Low-Mismatch Group. While the T1w-CE tumor volumes were similar, the 

average pre-RT Cho/NAA ≥ 2X for the High-Mismatch Group was 49.9 ± 11.8 cc and 

18.0 ± 8.1 cc for the Low-Mismatch Group (p < 0.05). The lack of a linear relationship 

between T1w-CE and Cho/NAA volumes was further reflected by the r-squared value of 

0.05. The mean difference between the Cho/NAA volume and the T1w-CE volume for the 

High-Mismatch Group was 37.8 ± 16.1 cc and 7.7 ± 3.6 cc for the Low-Mismatch Group 

(p < 0.05). The median OS for the High-Mismatch Group and the Low-Mismatch Group 

was 14.4 and 34.3 months respectively, with the difference approaching statistical 

significance (p = 0.07). Comparisons of the OS curves for the two cohorts are shown in 

Figure 8.4 along with a representative patient elucidating that the difference between T1w-

CE volume and the Cho/NAA ≥ 2X volume can almost be two-fold. The Kaplan-Meier 

curves did not have any cross-over between the two groups. 
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Figure 8.4. (A) A representative patient from the belinostat cohort displaying the vast 

difference in the T1w-CE derived volume compared to the Cho/NAA ≥ 2x volume. (B) 

The High-Mismatch Group patients (red) had much larger Cho/NAA ≥ 2x volumes 

compared to the T1w-CE lesion and showed a median survival of 14.4 months, whereas 

the counterpart (Low-Mismatch Group) had a smaller difference between Cho/NAA ≥ 2X 

and the T1w-CE lesion with a median survival of 34.3 months. 

 

Table 8.1 contains GTV2 and CTV2 volumes, rCE volumes at progression and 

post-progression date 1, and the overlap percentage calculated using GTV2 and CTV2 

respectively for the 11 patients in the cohort. The patients’ post-progression date 1 scan 

was typically two to three months after the calculated date of progression. Most patients 

had post-progression imaging available at least six to eight months after progression 

providing us with ample data for this analysis. One patient was excluded from the Low-

Mismatch Group due to not having sufficient progression scans. The average pre-RT GTV2 

for the High-Mismatch Group was 49.2 ± 22.9 cc versus 47.0 ± 9.6 cc for the Low-

Mismatch Group (p = 0.98). The pre-RT Cho/NAA ≥ 2X volumes for the High-Mismatch 
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Group was 49.9 ± 11.8 cc and 18.0 ± 8.1 cc for the Low-Mismatch Group (p < 0.05). 

The rCE volumes at the date of progression for the High-Mismatch Group was 21.1 ± 

25.5 cc versus 9.8 ± 11.7 cc for the Low-Mismatch Group (p = 0.42). We found that on 

average 17.4% of the rCE volume that was not in the GTV2 area was found within the 

Cho/NAA ≥ 2X volume. The percentage ranges of rCE excluding the pre-RT GTV2 area 

but within the pre-RT Cho/NAA ≥ 2X (Overlap % Ex-GTV2) were as large as 53.7% for 

the High-Mismatch Group and 26.8% for Low-Mismatch Group. When examining the 

patients at post-progression date 1, we found that the rCE areas had grown to an average 

of 53.2 ± 33.7 cc for the High-Mismatch Group and 26.9 ± 20.2 cc for the Low-Mismatch 

Group. However, it was noted that average percentage of rCE volume not included in the 

GTV2 area but found within the Cho/NAA ≥ 2X was lower at 10.9%.  

Table 8.1. Recurrence Analysis Results. 

 

Progression date was calculated by physician during NCT02137759. 

Post-progression date 1 is the next available scan following the progression date. 

Ex-GTV2: Excluding GTV2. 
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Ex-CTV2: Excluding CTV2. 

*Months after Surgery. 

 

In Figure 8.5, an example patient from this analysis is shown using images acquired 

post-progression date 2 which is about 4 months after the date of recurrence. This analysis 

was repeated on these later follow-up dates to show the extent of the Cho/NAA ≥ 2X 

predictive capabilities. At this date, almost 54.5% of the rCE volume is located within the 

pre-RT Cho/NAA ≥ 2X but excluded from the pre-RT GTV2. The 3D images in Figure 

8.5 depict the substantial size of the recurrence volume (yellow) that was not within the 

GTV2 but is enveloped by the sMRI-derived contour (green). 

 

Figure 8.5. A representative case from the High-Mismatch Group with recurrence overlap 

analysis using GTV2. (A) An axial view of the GTV2 (blue), pre-RT Cho/NAA ≥ 2X, and 

rCE excluded from GTV2 (yellow) and rCE within the GTV2 (red) These images were 

acquired 3 months after the progression date calculated using BT-RADS and clinical 

correlations. (B) 3D images of the rCE volume excluding GTV2 (yellow), the pre-RT 

Cho/NAA ≥ 2X (green), and the GTV2 (blue). (C) 3D images of the rCE excluded from 
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GTV2 (yellow) and pre-RT Cho/NAA ≥ 2X (green) without the GTV2 displaying the 

54.5% overlap between the two volumes. 

 

When performing the same analysis utilizing CTV2 areas at the date of progression, 

we found that on average 7.2% of the rCE volume was not located in the CTV2 but found 

in the Cho/NAA ≥ 2X volume. The average Cho/NAA ≥ 2X volume and rCE volumes 

remained the same as mentioned above for this analysis. The average CTV2 volume for 

the High-Mismatch Group was 107 ± 38.4 cc and 93.1 ± 18.5 cc for the Low-Mismatch 

Group (p = 0.56). A similar trend was observed in the post-progression date where the 

percentage overlap between rCE volume and Cho/NAA≥2X dropped to 5.3%.   

Figure 8.6 depicts the same patient with the same date shown in Figure 8.5, except 

with the CTV2 area being shown. At this post-progression date, the rCE volume a 24.8% 

overlap with the pre-RT Cho/NAA ≥ 2X compared to the original CTV2, despite the large 

margin added with treatment volumes. As with Figure 8.5, the 3D images depict the 

substantial size of the recurrence volume (yellow) that was not within the CTV2 but is 

enveloped by the sMRI-derived contour (green). 
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Figure 8.6. A representative case from the High-Mismatch Group with recurrence overlap 

analysis using CTV2. This is the same patient displayed in Figure 5. (A) An axial view of 

the CTV2 (blue), pre-RT Cho/NAA ≥ 2X, and rCE excluded from CTV2 (yellow) and rCE 

within the CTV2 (red). Similar to Figure 5, these images were acquired 3 months after the 

progression date calculated using BT-RADS and clinical correlations. (B) 3D images of 

the rCE volume excluding CTV2 (yellow), the pre-RT Cho/NAA ≥ 2X (green), and the 

CTV2 (blue). (C) 3D images of the rCE excluded from CTV2 (yellow) and pre-RT 

Cho/NAA ≥ 2X (green) without the CTV2 displaying the 24.8% overlap between the two 

volumes. 

 

8.4 DISCUSSION 

In this report, we present evidence of the clinical value of sMRI in glioma diagnostics 

and therapeutics by reporting the utility of sMRI in challenging stereotactic biopsies, 

highlighting the relationship between undertreated sMRI volumes and OS, and 

emphasizing its role as a recurrence predictor using our unique overlap analysis. In many 
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of our typical cases, pre-operative diagnostics for stereotactic biopsy are initially 

completed with standard MRI, which include T1w-CE and T2w/FLAIR scans among other 

sequences. Low-grade gliomas can be non-enhancing which renders T1w-CE images 

ineffective, and T2w/FLAIR images may have limited utility due to the large area of 

hyperintensity which cannot delineate high tumor density, from regions of edema, 

inflammation, or prior treatment. The diagnostic yield of stereotactic biopsy and the 

accuracy of tumor grading relies heavily on precise biopsy sampling of the areas of highest 

grade of disease [153]. A study conducted at the University of Texas MD Anderson Cancer 

Center found that stereotactic biopsies guided by pre-operative standard MRI can be 

inaccurate compared to surgical samples. Up to 49% of patients received a different 

diagnosis when pathologists were only provided the biopsies and at least 33% of those 

patients would have undergone a different treatment pathway based on this result alone 

[153,154]. In contrast to the standard MRI scans, our sMRI images were able to distinguish 

a specific region within the large T2w/FLAIR hyperintensity with more metabolically 

cancerous tissue [13]. As a result of this sMRI-targeted biopsy, the patient’s diagnosis was 

reclassified from WHO grade II IDH-mutant to WHO grade III IDH-mutant astrocytoma. 

This would result in recommending a treatment course of concurrent RT with TMZ based 

on the CATNON trial [155]. If this patient was unable to receive sMRI-guided biopsy, the 

probability of inadvertently targeting a low tumor density region based on T2w/FLAIR 

imaging would have been much higher. Ultimately, this could have misguided the patient’s 

treatment course leading to adverse outcomes. This case shows the importance of utilizing 

accurate and specific imaging biomarkers to guide diagnostic stereotactic biopsies.  
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Here, we used data from a completed clinical trial to conduct a retrospective analysis 

exploring whether there is a correlation between undertreated tumors identified through 

sMRI and OS. Our study group included patients treated with standard-of-care therapy 

alongside belinostat. We found that patients who had lower volumes of undertreated tumor 

detected by sMRI had better survival outcomes. Figure 8.4 clearly shows that for the cohort 

of 12 GBM patients who received belinostat concurrently with chemoradiation, patients 

with vastly larger Cho/NAA ≥ 2x volumes than T1w-CE residual tumor volumes had much 

poorer survival outcomes. Furthermore, the correlation between the T1w-CE volume and 

Cho/NAA ≥ 2X volume was low (R2 = 0.05) which exemplifies the lack of relationship 

between the two volumes and suggests that the tumor area cannot be inferred from T1w-

CE abnormality alone. The dissonance between T1w-CE and sMRI volumes demonstrates 

the importance of utilizing additional metabolic information to guide RT. While the 

difference in survival was not statistically significant, most likely due to the small sample 

size, the difference of 20 months between the median OS of the two groups is clinically 

significant. We hypothesize that if sMRI-guided RT was integrated with belinostat in a 

larger cohort size, the effects of the treatment would be more apparent in both OS and PFS. 

The large gap between the Kaplan-Meier curves suggests that treating volumes that largely 

include sMRI abnormality improves OS compared to treating T1w-CE volumes alone. This 

study built upon previous pre-clinical studies demonstrating that belinostat was effective 

in reducing tumor volume in a rat glioma model in a dose-dependent manner [131]. 

However, the efficacy of HDACi in GBM has been widely debated with a variety of clinical 

trials assessing other similar agents such as vorinostat and panobinostat [156]. The Alliance 

N0874/ACTC trial, which was evaluating the effectiveness of vorinostat combined with 
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standard chemoradiation in newly diagnosed GBM patients, failed to meet the primary 

efficacy endpoint with a median OS at 16.1 months [157]. From our study results, we 

hypothesize that some of the failures of other HDACi may be two-fold with the first being 

poor blood-brain barrier penetration compared to belinostat and the second being RT field 

planning that does not sufficiently address potential residual tumor [128]. The results of this 

paper suggest that the lack of OS improvement in the treatment cohort of the 

NCT02137759 trial examining belinostat may have largely been due to poor RT targeting 

of standard MRI. Our paper emphasizes the importance of utilizing specific and sensitive 

imaging biomarkers in GBM to evaluate the potential efficacy of HDACi. Compared to the 

studies mentioned above, the number of patients in our analysis is much smaller and thus 

larger cohorts are required to create fairer comparisons.   

Our overlap statistics showed that on average 17.4% of recurrence volumes could 

have been treated had RT been guided by Cho/NAA ≥ 2X rather than standard imaging. 

When considering CTVs rather than GTVs, we demonstrated similar results showing that 

on average 7.2% of recurrence volumes were undertreated by standard MRI and would 

have been treated if guided by sMRI. Figure 6 demonstrates that even when adding a 

substantial margin to create treatment volumes (blue), abnormal tissue is still missed, 

leading to future patterns of recurrence. This is significant given the large margins added 

to create the CTVs. If sMRI volumes are used to guide RT, maximal targeting of tumorous 

tissue could be ensured. We also noted that the rCE overlap volume with the Cho/NAA ≥ 

2X at the progression date was similar to the overlap volume at the post-progression date 

leading to smaller overlap percentages in the post-progression dates. This result was 

expected as both the Cho/NAA ≥ 2X as well as the GTV and CTV are static volumes while 



 141 

the rCE is expected to grow with time. The probability that recurrence would extend closer 

to the treatment volume is low and thus at the post-progression date, our overlap 

percentages decrease. Figure 8.5 and Figure 8.6 also show us that metabolite mapping 

displays tumor infiltration connecting two separate lobules of rCE which is not possible 

with a uniformly expanded CTV2. Metabolite mapping is critical to better track, treat and 

prevent tumor recurrence. This paper builds upon previous research published that sMRI 

is an accurate indicator of tumor volume compared to standard clinical imaging [12,21,131]. 

However, this analysis could be improved if we were able to acquire follow-up sMRI 

metabolite maps to track the recurrence of the disease more accurately with time.  The 

volumetric analysis performed in this study is unique and allows for more insight into the 

efficacy of RT targets. The analysis was limited by a small cohort size and data from only 

two clinical sites but offers proof-of-concept that could be added to a larger clinical trial. 

8.5 CONCLUSION 

The complex radiographic presentation of gliomas limits the utility of T1w-CE and 

T2w/FLAIR imaging potentially leading to misdiagnoses from imaging-guided biopsies 

and undertreatment during radiation therapy. This study showed the efficacy and clinical 

translatability of spectroscopic MRI in diagnostic stereotactic biopsies while also 

demonstrating its use as a predictive biomarker for OS. Our recurrence analysis 

demonstrated that undertreated tumor volumes undetected in standard imaging, but 

detected with sMRI, tend to overlap with future recurrence patterns, suggesting the vital 

need for new tools to guide GBM treatment in the clinic. Further, this analysis shows 
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promise in sMRI-guided radiation therapy combined with a radiosensitizer like belinostat 

as well as in accurately delineating targets of stereotactic biopsies.  
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Chapter 9. Conclusions and Future Work 

9.1 MAIN CONTRIBUTIONS 

9.1.1 Clinical Translatability of Spectroscopic MRI 

MR Spectroscopy has existed in one form or another for almost forty years. Despite 

decades of work recognizing biomarkers in spectroscopy that could potentially treat brain 

tumors, our work in this dissertation has made great leaps in bringing this technology to 

the clinic, and ultimately improving patient survival in the process. The Brain Imaging 

Collaboration Suite, or BrICS, was a software designed specifically for visualizing sMRI 

acquisitions and generating surgical and radiation treatment plans for GBM [32,52]. In our 

multi-institutional clinical trial, clinicians and researchers from three reputed academic 

hospitals (University of Miami, Emory University, and Johns Hopkins University) 

successfully used sMRI to generate high-dose RT targets for their patients [21]. In that 

trial, median patient survival extended to 23 months, which is significantly larger than the 

15-16 months seen in standard clinical treatment. Remarkably, despite a higher radiation 

dose administered in potentially larger amounts of tissue, we saw very few if any patient 

toxicities or side effects from our sMRI-guided radiation treatment.  

By analyzing results from this clinical trial, we were able to prove with statistical 

significance that patients with lower lesion volumes detected by sMRI had much higher 

survival than patients with relatively larger sMRI lesions [34]. While this finding may seem 

obvious at first glance, it is important to emphasize that the size of post-surgical sMRI 

lesions does not correlate with residual enhancing lesions detected in standard clinical 
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imaging. This demonstrates the unique added value of sMRI in detecting GBM infiltration 

compared to what physicians use in the clinic.  

Finally, we were able to demonstrate the feasibility of low-TE sMRI when tracking 

GBM patients treated with Belinostat [22,131]. In these studies, each patient had 3-4 sMRI 

acquisitions, which included one post-treatment sMRI scan. In these cases, BrICS helped 

clinicians visualize changes in infiltrating tumor as well as the possible influence of 

radiation treatment on brain metabolism.  

9.1.2 Automated Post-Treatment Tracking of Glioblastoma 

While we have made great progress in guiding treatment of GBM using sMRI, we 

have also helped clinicians in the post-treatment follow-up phase. In the clinic, physicians 

visually assess longitudinal imaging for changes in lesion size. By developing the 

Longitudinal Imaging Tracker (BrICS-LIT), we have helped physicians visualize imaging 

from five different dates simultaneously, as well as overlay radiation dose maps, and the 

ability to graph changes in lesion volume to help quantitatively assess for tumor recurrence 

[32,35]. While there are hundreds of deep learning segmentation algorithms for pre-surgical 

brain tumors, we are the first to train and develop a post-surgical tumor segmentation 

algorithm that is housed in BrICS-LIT for physicians to use. By leveraging the latest 

computer vision techniques such as Swin-Transformers and even classical CNNs, we were 

able to achieve Dice Scores over 0.7 for FLAIR and T1w-CE lesions [33]. By using 

automated segmentation algorithms, we can not only streamline radiation treatment 

planning, but we also developed a method for automated disease-state classification during 

post-treatment follow-up. In this process, we can generate suggestive structured reporting 
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scores using volumetric lesion information that is an improvement from visual assessment 

of recurrence used in the clinic. Finally, by generating automated disease-state 

classifications for a patient purely based on their imaging, we have generated a powerful, 

expedient tool that can track brain tumor patients and detect early recurrence.  

9.2 FUTURE WORK 

9.2.1 Spectroscopic MRI to Guide GBM Treatment 

Every effort in this dissertation to use sMRI for treatment and tracking involved 

one MRI sequence called Echo Planar Spectroscopic Imaging (EPSI). The 3D-EPSI 

sequence we use, and its post-processing software (MIDAS) were developed by the 

University of Miami with the hope of clinical adoption in the future. While BrICS 

integrates seamlessly with this sequence, there are other sequences, albeit with their own 

limitations, that are actively used in research for measuring brain metabolism including 

single voxel (SVS) Stimulated Echo Acquisition Mode (STEAM) or Point Resolved 

Spectroscopy (PRESS) and other chemical shift imaging (CSI) sequences [158]. While we 

would advocate that 3D-EPSI, with its whole brain coverage and high resolution is better 

suited for the clinic, having a software platform that can integrate with any spectroscopy 

sequence could help bring MR spectroscopy to the clinic.  

Further, the MIDAS post-processing software, while sophisticated and complex, 

usually requires 6-8 hours of post-processing before BrICS can perform additional 

processing and visualization. While this has been sufficient in our clinical trials, it is not 

well suited in clinical environments where physicians typically need to see scan results the 

same day. In addition, MIDAS uses a software language called IDL (Interactive Data 



 146 

Language), which requires a license for use. To these ends, we are in the process of re-

writing the MIDAS software package in Python, which is open source, and can leverage 

the latest libraries to leverage the GPU and parallel computing. With “pyMIDAS” as well 

as a previously published deep learning algorithm for fitting MR spectra known as 

“NNFIT” [60], we plan to reduce the post-processing time from 6-8 hours to one hour and 

possibly even faster if we can integrate this software onboard MRI scanners.  

Finally, sMRI and our imaging software platform will be used in an upcoming 

nationwide consortium trial (EAF223) to help physicians distinguish true tumor 

progression from pseudo-progression during post-treatment patient follow-up, a problem 

that has confounded physicians for decades with clinical imaging.  

9.2.2 Additional Applications of Spectroscopic MRI 

While we have focused our efforts on applying sMRI for GBM treatment, there are 

plenty of other applications of sMRI that have been tested and are actively being 

researched. For one, sMRI can help delineate grade of brain tumor better than clinical 

imaging can. If physicians can identify that a patient has a grade III astrocytoma or an 

oligodendroglioma vs a GBM, their treatment plan would change drastically as well as the 

patient’s likely survival [13]. Previous chapters have mentioned our 3D-EPSI sequence 

using an echo time (TE) of 50 ms or higher for the main purpose of improving signal-to-

noise with respect to the Cho, NAA, and Creatine signals. However, when using the same 

MR acquisition but acquiring at a shorter TE, other metabolite signals can be detected 

including, glutamate/glutamine, and myo-inositol, which are key metabolites implicated in 
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depression. There is currently active research in analyzing any relationship between these 

metabolites and mental health disorders such as seizures, dementia, and depression.  

9.2.3 Automated Approaches for Tumor Segmentation and Longitudinal Tracking 

There are hundreds of publications on tumor segmentation and even possibly brain 

tumor segmentation alone. While there have been great leaps in the past decade in bringing 

computer vision to healthcare, there have been very limited opportunities for these 

algorithms to make inroads in the clinic. For one, it is quite common for segmentation 

algorithms to have poor generalizability to external datasets, possibly due to overtraining 

and testing on datasets that are not sufficiently diverse. The challenge of building a diverse 

dataset from multiple institutions throughout the world remains difficult as each institution 

may acquire their imaging in a unique manner and have their own rules and regulations for 

releasing even anonymized datasets. Most importantly, even if there are segmentation 

algorithms that can successfully generalize to clinical data, they are difficult to translate to 

the clinic. Often, these algorithms require input imaging in a certain format, or need a lot 

of time to format and process imaging before segmentation or require sophisticated 

hardware such as the latest GPUs often costing thousands of dollars to sufficiently perform 

segmentation in a timely manner. Finally, many of these algorithms, while dockerized, sit 

in git repositories, untouched by physicians or clinical software.  

To successfully integrate the latest segmentation algorithms into the clinic, there 

must be an acknowledgement that these algorithms will not be fully-automated. Likely 

clinical workflows will involve these algorithms performing initial segmentations to save 

time and then require clinicians to oversee and edit these initializations to their liking. For 
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this to occur, segmentation algorithms need to be housed in software such as BrICS that 

allow for easy visualization and expedient editing. Further, a “one-size-fits-all” algorithm 

may not be the correct solution for the clinic. My segmentation algorithm failed to 

differentiate ventricle from resection cavity. To account for several possible edge cases, 

multiple algorithms may need to work together to validate segmentations for the clinic.  

There also may need to be a revaluation of medical segmentation tasks in the big 

picture.  Currently, the Dice overlap statistic is used to determine whether a segmentation 

task has performed well or not. The Dice score is used to train segmentation algorithms to 

determine whether there is “sufficient” overlap between predicted segmentations and those 

generated by a clinician. While Dice certainly has its advantages, it may not capture 

important differences between segmented contours near the edges for example, which can 

be more significant for treatment planning. In such situations, other loss functions such as 

Hausdorff may need to be used along with Dice for segmentation tasks tuned to patient 

treatment. Further, several segmentation competitions and tasks attempt to improve on 

previous approaches by incrementally improving the Dice score from for example 0.90 to 

0.93. While this quantitatively does suggest an “improvement”, it is likely a difference that 

the human eye would not notice and likely a clinician would not care about. More studies 

are necessary to determine differences between many clinicians even for segmentation 

tasks before determining an appropriate goal for deep learning.  

Finally, for the task of tumor tracking, I attempted to use percent changes in tumor 

volume over time to predict patient disease-state. However, this runs into a lot of issues. 

For one, if a patient has a lesion that’s 0.2 cc, and in their next visit, their lesion increases 

to 0.6 cc, that would be a 200% increase in tumor size. But a 0.4 cc increase could likely 
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be a rounding error or not be clinically important. To that end, the task of tumor tracking 

is incredibly challenging as the criteria to determine whether a patient’s condition is a cause 

for concern can change depending on the initial size of the tumor and several other factors, 

making it difficult to quantitate. Further, many longitudinal patient datasets involve non-

constant intervals. For example, patient data could occur at month 1, month 4, month 5, 

and then month 11. With non-constant intervals, new approaches are required to track and 

develop algorithms for predicting patient risk and survival outcomes. Classic time-series 

approaches often depend on constant time intervals as a prior assumption. To successfully 

incorporate the latest transformer-based, RNN, and other time-series approaches for 

healthcare data, thousands of patient datasets are required. To that end, as with any deep 

learning or predictive challenge in healthcare, future work will need to address how to 

handle disparate and smaller datasets.  

9.3 CONCLUSION 

Treatment of glioblastoma is complex with poor patient outcomes, and little 

improvement in treatment in the past decade. Imaging is central for guiding patient 

treatment and post-treatment tracking. By introducing spectroscopic MRI to detect lesion 

far beyond what is seen in clinical imaging to guide treatment, we have extended patient 

survival by almost 50%. Further, by developing automated tumor segmentation algorithms 

and disease-state classifications, we have also improved post-treatment patient tracking 

that robustly leverages tumor volume. Finally, with every advancement we have made 

towards improving patient survival, we have ensured our quantitative techniques can be 

leveraged by physicians by housing them in software that integrates with clinical 
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workflows. We hope this work can set the foundation for advancing treatment strategies 

for glioblastoma. 
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