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Abstract
Spatial and genomic analysis of the glioblastoma tumor microenvironment
Andrew Chen
Glioblastoma (GBM) is an aggressive brain cancer with devastating outcomes and few effective treatments. Although immunotherapy has shown promise in treating a variety of cancers, it is still unclear if and
how it can be effectively used in GBM. Elucidating this will require a better understanding of the mechanistic role of immune cells and their interactions in the GBM tumor microenvironment.
This thesis utilizes recent technological developments in cancer genomics and imaging to study the
mechanisms underlying immunotherapy and the tumor microenvironment. First, we will provide background on our current understanding of GBM, its immune microenvironment, as well as modern sequencing
and imaging methods. Second, we will present a longitudinal study of GBM patients before and after treatment with PD-1 immunotherapy. Only a small fraction of GBM patients respond to this type of therapy,
so we perform genomic, transcriptomic, and spatial analyses to compare the molecular features of these
rare responders versus non-responders. We show that clinical response to PD-1 immunotherapy in GBM is
associated with specific molecular alterations and immune infiltration profiles that reflect the tumor’s clonal
evolution during treatment.
The most common infiltrating immune cells in GBM are macrophages, which are implicated in a wide
variety of pro-tumor and anti-tumor roles. We then focus on this specific immune population by analyzing
single-cell expression data from GBM tumors. We identify a novel macrophage subpopulation characterized
by expression of the scavenger receptor MARCO, which drives tumor progression in GBM and is altered
over the course of PD-1 immunotherapy. Next, we demonstrate that the methods we have developed for
GBM are applicable to understanding the tumor microenvironments of other cancers as well. We analyze
a cohort of melanoma cases to show that transcriptomic and imaging features can be combined to create
a biomarker that stratifies patients into different risk groups. Finally, while most of the image analysis
described so far has utilized histopathology, we include two appendices where we demonstrate new ways to
process and analyze Magnetic Resonance Imaging (MRI) in GBM.

Table of Contents

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

iv

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

v

Acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vii
Chapter 1: Introduction and Background . . . . . . . . . . . . . . . . . . . . . . . . . . .

1

1.1

Glioblastoma . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

1

1.2

Cancer Heterogeneity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

3

1.3

The Tumor Microenvironment . . . . . . . . . . . . . . . . . . . . . . . . . . . .

6

1.4

Immunotherapy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

9

1.5

Genomic and Imaging Technologies in Cancer . . . . . . . . . . . . . . . . . . . . 11

1.6

Organization of this Thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

Chapter 2: Immune and genomic correlates of response to anti-PD-1 immunotherapy in
glioblastoma . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
2.1

Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.2

Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.3

Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

2.4

Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

i

Chapter 3: Single-cell characterization of macrophages in glioblastoma reveals MARCO
as a mesenchymal pro-tumor marker . . . . . . . . . . . . . . . . . . . . . . . 39
3.1

Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.2

Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.3

Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

3.4

Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

Chapter 4: Linking transcriptomic and imaging data in melanoma . . . . . . . . . . . . . . 55
4.1

Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

4.2

Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

4.3

Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.4

Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

Appendix A: A Fast Semi-Automatic Segmentation Tool for Processing Brain Tumor Images109
A.1 Introduction and Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109
A.2 Glossary and Key Terms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109
A.3 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110
A.4 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111
A.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114
A.6 Open Problems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115
A.7 Conclusions and Future Outlook . . . . . . . . . . . . . . . . . . . . . . . . . . . 118

ii

Appendix B: Predicting Clinical Outcomes in Glioblastoma with Topology . . . . . . . . . 120
B.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120
B.2 Quantifying Tumor Images Using Topology . . . . . . . . . . . . . . . . . . . . . 122
B.3 Functional Regression Models with Tumor Shape Information as Covariates . . . . 132
B.4 Predicting Clinical Outcomes in Glioblastoma . . . . . . . . . . . . . . . . . . . . 135
B.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141

iii

List of Tables

4.1

Patient characteristics of the MANTRA, MIP, and Combination cohorts . . . . . . 59

4.2

Top genes from MIP . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

A.1 Segmentation accuracy approaches inter-rater agreement in the Brain Tumor Segmentation Challenge . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115
B.1 Detailed results for survival prediction . . . . . . . . . . . . . . . . . . . . . . . . 140

iv

List of Figures

1.1

Comparison of glioma types . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

2

1.2

Radiographic heterogeneity of GBM . . . . . . . . . . . . . . . . . . . . . . . . .

4

1.3

Intra-tumor heterogeneity in GBM . . . . . . . . . . . . . . . . . . . . . . . . . .

5

1.4

Evolutionary Trees in GBM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

6

1.5

Pro-tumor functions of macrophages in GBM . . . . . . . . . . . . . . . . . . . .

7

1.6

Potential interventions for targeting tumor-associated macrophages . . . . . . . . .

8

1.7

Action of PD-1 Therapy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

1.8

Next-Generation Sequencing Technologies . . . . . . . . . . . . . . . . . . . . . . 12

1.9

Single-Cell RNA Sequencing Technologies . . . . . . . . . . . . . . . . . . . . . 14

1.10 H&E Image of GBM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
1.11 Immunohistochemistry of GBM . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
1.12 Multiplexed Immunofluorescence Image of GBM . . . . . . . . . . . . . . . . . . 17
2.1

Analysis pipeline and clinical characteristics of the cohort . . . . . . . . . . . . . . 23

2.2

Mutational landscape and genomic correlates of response under anti-PD-1 therapy . 25

2.3

Tumor evolution under anti-PD-1 therapy . . . . . . . . . . . . . . . . . . . . . . 27

2.4

Transcriptomic signatures related to response to anti-PD-1 therapy . . . . . . . . . 29

2.5

Tumor microenvironment profiling through quantitative multiplex immunofluorescence . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
v

3.1

Identification via scRNA-seq of a MARCO+ subpopulation of macrophages specific to IDH1-WT glioblastoma . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.2

Bulk MARCO expression in GBM is associated with poor clinical prognosis and
mesenchymal subtype . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

3.3

Single-cell characterization of the pro-tumor features of MARCO+ macrophages . 46

3.4

Dynamics of MARCO expression under PD1 immunotherapy . . . . . . . . . . . . 48

3.5

MARCO+ macrophages are recruited from the blood likely via tumor signaling
pathways . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.1

Comparison of cellular proportions and morphologies in primary and metastatic
melanoma . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

4.2

Expression profiles of 64 immune-related genes . . . . . . . . . . . . . . . . . . . 61

4.3

Combination of MIP and CD8/CD68 ratio predicts DSS . . . . . . . . . . . . . . . 63

4.4

Pair correlation functions (PCF) reveal differences in clustering between tumor and
immune cells . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

4.5

Investigation of macrophage subpopulations . . . . . . . . . . . . . . . . . . . . . 66

A.1 Demonstration of a user-friendly semiautomatic segmentation protocol . . . . . . . 113
A.2 Comparison of segmented volumes by tumor region . . . . . . . . . . . . . . . . . 116
A.3 MITKats is faster than other segmentation softwares . . . . . . . . . . . . . . . . . 117
B.1 Demonstrating a filtration by height . . . . . . . . . . . . . . . . . . . . . . . . . 125
B.2 Example of tracking of topological features . . . . . . . . . . . . . . . . . . . . . 129
B.3 Example of a segmented tumor with corresponding SECT curves . . . . . . . . . . 137

vi

Acknowledgments
I thank my family and friends for their persevering encouragement and support. Thank you to my
mentor Raul Rabadan for guiding me along this whole journey. I am also thankful for the help
and advice from my committee members: Antonio Iavarone, Charles Drake, and David Blei.
Thanks to the Integrated Program in CMBS and the MD/PhD Program for their support,
particularly Ron Liem and Patrice Spitalnik. I also thank all of the colleagues and collaborators
that I have had the opportunity to work with and learn from, with special thanks to Junfei Zhao,
Jiguang Wang, Anthea Monod, Robyn Gartrell-Corrado, Yvonne Saenger, Gulam Manji, Adam
Sonabend, Fabio Iwamoto, Peter Canoll, and Peter Sims. Finally, I acknowledge my funding
sources: my lab’s U54 grant through the NIH (5U54CA193313) and the Medical Scientist
Training Program (T32GM007367).

vii

Chapter 1
Introduction and Background
1.1

Glioblastoma

Cancers are the second-most common cause of death in the United States [1]. One of the most
aggressive cancers is glioblastoma (GBM), which is the most common primary brain malignancy
in adults [2], with an incidence rate of roughly 3 per 100,000 [3]. GBM patients have dismal
prognoses with a median overall survival of only around 16 months [4]. Their therapeutic options are also very limited (usually involving surgery and radiotherapy plus an alkylating agent,
temozolomide [5]), and tumor recurrence is nearly inevitable.
GBMs are part of a larger group of primary brain tumors known as gliomas (Fig. 1.1). These
tumors are derived from glial cells, which normally serve to support and protect neurons. Gliomas
are given a World Health Organization (WHO) grade between I and IV depending on histopathological and molecular criteria [6]. Lower grade gliomas (LGGs) are WHO Grade II and III tumors,
and include astrocytomas and oligodendrogliomas (named for their probable cell of origin) [7].
Meanwhile, GBM is a WHO Grade IV tumor; and notably, the cell of origin is not well understood
[8]. While most GBMs are primary tumors, a small fraction result from the progression of an LGG,
which is termed secondary GBM.
A defining molecular criterion for classifying gliomas is isocitrate dehydrogenase (IDH) mutation status [7]. IDH is an enzyme that is part of the citric acid cycle (also known as the Krebs
or tricarboxylic acid cycle), and converts isocitrate into alpha-ketoglutarate. The most common
IDH mutation is gliomas is IDH1 R132H, which results in a mutant enzyme that converts isocitrate into 2-hydroxyglutarate (2HG) instead [10]. The buildup of 2HG then causes a vast set of
transcriptional and methylation changes that are oncogenic. IDH mutations are common in LGGs
1

Figure 1.1: Comparison of glioma types. (a) Diagnostic criteria and survival curves for different
types of gliomas. (b, c) Frequency of key molecular alterations in each type of glioma. Reproduced
with permission from [9].
and secondary GBMs, but are rare in primary GBMs [11]. Interestingly, IDH1 mutant tumors tend
to associate with better survival, and are frequently hypermutated (often in association with temozolomide) [12, 13, 14]. Other common molecular features in gliomas include TP53 mutations and
2

loss of ATRX (both often seen in diffuse astrocytomas), and 1p/19q codeletion, which is indicative
of oligodendroglioma [7].
The treatment of gliomas is hindered by many challenges. The location of GBM in the cerebrum makes surgical intervention difficult [15]. Furthermore, the blood brain barrier prevents many
potential drug treatments from entering the brain [16], and the brain is an immune-privileged site
which can prevent an appropriate immune defense [17]. However, one of the hardest challenges in
any therapeutic approach is the high degree of heterogeneity among and within GBMs.

1.2

Cancer Heterogeneity

Tumor evolution is fundamentally a Darwinian process. It involves the stochastic development of
genetic diversity in individual cells, and clonal expansion in the presence of selection pressures as
well as drift [18]. This poses a major barrier to treatment success, because a minor yet resistant
subclone may eventually cause recurrence. GBM is a particularly heterogeneous cancer, not only in
terms of inter-tumor heterogeneity among different patients, but also for intra-tumor heterogeneity
inside a single patient [19]. Understanding the molecular subtypes among GBMs as well as the
evolution of tumors undergoing treatment will be critical to designing and stratifying targeted
therapies [20, 21].
Inter-tumor heterogeneity in GBM involves a wide range of possible genomic alterations.
Beyond the aforementioned mutations in IDH, other common major alterations include MGMT
methylation, EGFR amplification, and mutations in TP53, NF1, or members of the PI3K-AKTmTOR (PAM) pathway [22]. Each of these alterations can have far-reaching implications for the
tumor’s phenotype and progression. For instance, MGMT methylation results in diminished DNA
repair capacity, which improves the efficacy of temozolomide [23]. PI3K is another important
determinant, as can be seen in our previous study comparing the genomic profiles of solitary versus multifocal GBM patients [24]. While most GBM patients have a single, solitary lesion, some
patients unfortunately have multifocal tumors (Fig. 1.2a). Although the factors resulting in multifocality are unclear, this feature is unsurprisingly associated with poor prognosis. We found that
3

multifocal tumors were enriched in mutations of a component of PI3K called PIK3CA (Fig. 1.2b).
Complementing this result, we also found that inhibitors of the PAM pathway were more effective
in inhibiting patient-derived cell lines from multifocal tumors (Fig. 1.2c). Together, these findings show that molecular differences among GBM patients can both provide insights into tumor
development and also inform treatment decisions.

Figure 1.2: Radiographic heterogeneity of GBM. (a) Magnetic Resonance Images (MRIs) corresponding to solitary (S-GBM) and multifocal (M-GBM) GBMs. Reproduced with permission
from [25]. (b) Rate of PIK3CA mutations in S-GBM and M-GBM tumors. (c) Effectiveness of
PAM inhibitors in patient-derived cell lines from S-GBM versus M-GBM. AUC represents the area
under the curve of percentage survival versus log concentration (smaller meaning more sensitive).
Reproduced with permission from [24].
Expression subtype is the dominant classification system for GBMs, which incorporates some
of these molecular features (though this has since been refined into many further subclassifications
based on DNA methylation and other genomic features [26]). This system uses gene expression signatures to define Classical, Mesenchymal, Proneural, and Neural subtypes [27]. Classical
tumors are characterized by EGFR amplification, while Proneural tumors tend to have IDH mutations and PDGFRA amplifications. Meanwhile, the neural type associates with expression of
markers usually found in neurons and healthy brain. (Notably, radiographically-guided biopsies
have demonstrated that the neural signature mostly originates from non-neoplastic tissue, suggesting that this subtype may be an artifact [28].) Mesenchymal tumors tend to have NF1 alterations,
and are associated with worse survival and treatment resistance [29]. Further complicating this
picture is that tumors frequently switch expression subtypes over the course of disease, and there
is considerable intra-tumor transcriptional heterogeneity within the same sample [14].
Intra-tumor heterogeneity presents major barriers both to the design of effective treatments and
4

to the accurate assessment of the tumor. As an example, consider our previous longitudinal study
of GBMs across space and time [24]. One patient in this cohort presented with multifocal lesions,
with one in each hemisphere of the cerebrum (Fig. 1.3a). The patient was treated with EGFR
inhibitors, but unfortunately, the tumor later recurred. Retrospective genomic analysis revealed
considerable differences between the left and right original tumors, with EGFR alterations only
present in the right tumor (Fig. 1.3b). Accordingly, patient-derived cell lines from these samples
demonstrated that only the right tumor was sensitive to EGFR inhibitors (Fig. 1.3c). Singlecell analysis showed that the recurrent tumor was more similar to the original left-side lesion,
suggesting that the left lesion resisted the treatment and was able to regrow. This shows that
multiple samples from the same patient may be needed in order to fully assess the efficacy of
potential treatments. Traditional biomarkers that use a single, bulk numerical readout are greatly
hindered by this tumor heterogeneity, as it is difficult to obtain a representative sample [30].

Figure 1.3: Intra-tumor heterogeneity in GBM. (a) Preoperative MRIs for a GBM patient with
left and right multifocal lesions. (b) Genetic differences between the left and right tumors. (c)
Response of patient-derived cell lines from the left and right tumors to 40 different anti-cancer
drugs. AUC represents the area under the curve of percentage survival versus log concentration
(smaller meaning more sensitive). Reproduced with permission from [24].
There have been many efforts to attempt to model the generation of this intra-tumor heterogeneity. Analyses of longitudinal genomic samples from GBMs indicate that tumors separated by time
or space share very few alterations in common [24]. This suggests a “multiverse” model where
5

clones diverge and disperse early on during the progression of the tumor (Fig. 1.4a). Early, truncal
mutations include IDH1 and PI3K, while certain characteristic alterations such as EGFR and NF1
are likely late events confined to one subclone of the tumor [14]. The selection pressures imposed
by treatment further result in a highly branched patterns of clonal evolution [31, 14]. In our work
with PD-1 immunotherapy patients, we found evidence of negative selection against neoantigenpresenting clones via immunoediting, followed by the recurrence of a different immune-elusive
subclone (Fig. 1.4b) [32]. Therefore, the immune microenvironment also has an important impact
on the evolution of GBM.

Figure 1.4: Evolutionary Trees in GBM. (a) Comparison of Big Bang and Multiverse models
of cancer evolution. Reproduced with permission from [24]. (b) Comparison of linear (top) and
branched (bottom) evolutionary models in GBMs undergoing immunotherapy. Reproduced with
permission from [32].

1.3

The Tumor Microenvironment

GBMs develop within a complex microenvironment containing vasculature, immune cells, and
normal brain parenchyma. The most common non-neoplastic cells in the tumor microenvironment
are macrophages [34]. These includes microglia, which are resident macrophages of the brain, as
well as peripheral macrophages, which are recruited from the blood. While the normal function
of macrophages is to present antigens and phagocytize pathogens and debris, tumor-associated
macrophages appear to be reprogrammed to aid the tumor instead [35]. GBM cells are known to
secrete a variety of cytokines that deactivate or transform immune cells to an anti-inflammatory
6

Figure 1.5: Pro-tumor functions of macrophages in GBM. Glioma-associated macrophages
(GAMs) are recruited by tumor cells, and play a wide variety of roles in supporting the cancer’s
development. Reproduced from [33] via CC BY 4.0.
state (Fig. 1.5) [36]. In addition, macrophages may be induced to secrete matrix metalloproteases,
which degrade extracellular proteins and facilitate the migration of tumor cells [37]. They can
also secrete EGF, which promotes tumor proliferation [35], as well as VEGF, which upregulates
angiogenesis [33]. Tumor-associated macrophages can also deactivate T cells by presenting ligands
for PD-1 and CTLA-4 [38]. Because of their pro-tumor activities, there have been many efforts to
target tumor-associated macrophages with a variety of potential treatments (Fig. 1.6) [39].
T cells are a critical part of the adaptive immune system, but are much rarer than macrophages
in the GBM microenvironment. GBM is often called a “cold tumor” due to this relative lack of

7

Figure 1.6: Potential interventions for targeting tumor-associated macrophages. A survey of
pathways and possible treatments to inhibit or reprogram tumor-associated macrophages. Reproduced with permission from [40].
T cells compared to other tumor types [17]. T cells generally have more difficulty infiltrating the
brain due to its status as an immune-privileged organ [41]. However, damage from tumor growth
may break down the blood brain barrier, which facilitates T cell entry [42]. Other trafficking routes
for T cells to enter the brain have also been recently discovered [43]. Once inside the tumor, T cells
may play a major role in organizing and executing an immune response. Indeed, cytotoxic T cell
infiltration has been associated with increased survival in GBMs [44]. Meanwhile, regulatory T
cells (Tregs) are associated with immunosuppresion and worse outcomes [45]. Modulating T cells
via immunotherapy is therefore a promising approach in efforts to modify the tumor microenvi-

8

ronment.

1.4

Immunotherapy

Immunotherapy has shifted the paradigm of the treatment for many cancers. In GBM, there are
currently three major approaches to immunotherapy research. The first is engineering chimeric
antigen receptor (CAR) T cells, which are T cells that have been genetically altered to target a
specific antigen. By choosing antigens found on tumor cells, this type of adoptive cell transfer
can improve the immune response in GBM [46]. Another approach is cancer vaccines, which
target characteristic alterations such as EGFRvIII [47]. One potential drawback to both of these
approaches is the selection and evolution of tumor cells away from the candidate antigen. A more
general approach is checkpoint immunotherapy, which has demonstrated success in a wide variety
of cancers [48, 49, 50].
Checkpoint immunotherapy refers to the blockade of programmed cell death 1 (PD-1) or cytotoxic T-lymphocyte-associated protein 4 (CTLA-4), which are receptors found on the surface of
cytotoxic T cells [51]. When these receptors bind to their respective ligands (PD-L1/2 for PD-1,
CD80/CD86 for CTLA-4), the T cells become exhausted and/or apoptose, leading to immunosuppression [52]. These ligands are normally found on other immune cells to prevent an overactive
immune response, but can be co-opted and inappropriately expressed by tumor cells. PD-1 and
CTLA-4 inhibitor therapies impair this immune “checkpoint” and enhance the anti-tumor immune
response (Fig. 1.7).
Recent trials of checkpoint immunotherapy have shown remarkable success across a variety
of tumors, including melanoma [48], non-small-cell lung cancer [49], and Hodgkin’s lymphoma
[50]. Early studies of CTLA-4 inhibitors in GBM were not encouraging [54], but there is still high
interest in utilizing PD-1 immunotherapy in GBM [55]. Unfortunately, a recent clinical trial of
PD-1 immune checkpoint inhibitors in recurrent GBM showed that only a small subset of patients
(8%) demonstrated objective responses [56]. Response to anti-PD-1 therapy has generally associated with higher mutational burdens (particularly hypermutation) in tumors across multiple cancer
9

Figure 1.7: Action of PD-1 Therapy. (a) T cells are inactivated by tumor expression of PD-L1.
(b) Action of PD-1 and PD-L1 antibodies to activate T cells and induce tumor death. Reproduced
from [53] via CC BY 4.0.
types [57, 58, 59], as well as with levels of T cell infiltration in the tumor microenvironment [52].
Compared to melanomas or non-small-cell lung cancer, GBM has a more immunosuppressive tumor microenvironment as well as a lower burden of somatic mutations [60], which may contribute
to the diminished efficacy of PD-1 blockade. However, the precise determinants and mechanistic
basis underlying immunotherapy response still remain elusive.
To improve the use of checkpoint blockade in GBM, there is a critical need to identify the
molecular biomarkers associated with immunotherapy response. Some work has been performed to
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compare the bulk transcriptional and immunological profiles of PD-1-treated and untreated GBM
patients [61, 62]. Yet more efforts are needed to investigate the longitudinal differences that result from immunotherapy, as well as specific genomic, transcriptomic, and microenvironmental
features associated with response. This task is greatly hindered by the high degree of heterogeneity in GBM [17]. Fortunately, modern sequencing and imaging tools provide an unprecedented
opportunity to understand the underlying mechanisms of immunotherapy at the single cell level.

1.5

Genomic and Imaging Technologies in Cancer

Next-Generation Sequencing (NGS) technologies have been instrumental in uncovering the genomic properties of cancers. Compared to its predecessors of Sanger or Maxam-Gilbert sequencing, NGS is high-throughput, parallelized, and relatively inexpensive [63]. While there are many
types of NGS methods, we will give an overview of Illumina dye sequencing, the technique utilized
by the popular Illumina platforms [64].
In this method, DNA is first fragmented (either mechanically or by transposase enzymes) and
adapters are ligated to the fragment ends. The ends of each fragment will now include segments
that are complementary to oligonucleotides fixed on a flow cell, causing these fragments to be
captured onto the surface of the device (Fig. 1.8a). The fixed fragments then undergo a process
known as bridge amplification, where each fragment is locally amplified to produce a cluster of
identical strands (along with complementary reverse strands) in its place. The reason for generating these clusters is to amplify the signal produced by the sequencing process, which involves
adding fluorescent nucleotides one at a time to each strand (Fig. 1.8b). Unlike during normal
polymerization where standard dNTP nucleotides are continually added to a growing strand, these
fluorescent nucleotides have a blocked 3’ end preventing further polymerization. Each base (A, T,
C, G) is associated with a different color, such that a camera can image the device and determine
the current base being added in each cluster. Then, the fluorophore and 3’ blocker are cleaved, and
this cycle is repeated to determine the next base for each cluster. A flow cell can contain up to
billions of clusters, making this process highly parallel.
11

Figure 1.8: Next-Generation Sequencing technologies. (a) Cluster generation via bridge amplification. (b) Sequencing by synthesis. Reproduced with permission from [65].
This procedure can then be repeated for the reverse strands, generating billions of paired-end
reads. However, each read is usually only around 150 base pairs long. The next step in the processing of this data is piecing together these short reads, usually with the help of a reference genome.
Therefore, each read can be mapped to a gene or other location in the genome, giving information
on any mutations or alterations present. The relative abundance of reads can also be used to assess
copy number alterations. Within the context of cancer, longitudinal comparison of sequences can
also inform tumor clonal evolution [14]. T cell repertoires [66] and HLA typing [67] can also be
extracted from DNA sequences, providing important immunological information.
Other than DNA, this process can also be used to assess RNA expression. First, RNA is typically filtered for mRNA transcripts by retaining only polyadenylated strands. These transcripts
are then converted into a cDNA library through reverse transcription. The cDNA can then be
sequenced by NGS methods similar to that described above. The relative abundances of each transcript is used to infer its expression level within the sample. However, this method is hindered by
the fact that samples typically contain many different cell types, each with unique expression profiles. The readout of bulk RNA sequencing is therefore a mixture of many cell expression profiles,
and deconvolving this data [68] into its constituent cell types is a difficult process.
Fortunately, modern advances in sequencing technologies have enabled the profiling of RNA
at the single cell level. This allows for the identification of different cell populations within a sam-
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ple, as well as the assessment of the transcriptomic profiles of each population. Single cell RNA
sequencing (scRNA-seq) uses the same rough framework as NGS techniques, but involves first
tagging each read with an identifier that is unique to the cell it originated from [69]. Therefore, the
reads from the sample can be grouped together and sequenced using the same highly-multiplexed
methods from above, while retaining identifier sequences that can be later used to group reads from
the same cell. Recently, there has been a rapid expansion of different scRNA-seq technologies, but
here we will describe two major approaches to library preparation: full-length versus 3’/5’-end.
The full-length approach involves creating a cDNA library that recapitulates the whole length
of each transcript [72]. Since many other methods bias the cDNA library towards the 3’ ends
of transcripts, this approach allows for the analysis of splice variants and genomic alterations
throughout each gene. Current technologies that employ this process include SMART-seq and
SMART-seq2 [73, 70]. In these methods, cells are first dissociated and placed into individual wells
of a plate (often via fluorescence-activated cell sorting). After lysis, RNA is reverse transcribed
using an oligo-dT primer, which bind to the poly-A tails found at the 3’ end of mRNA strands (Fig.
1.9a). However, the reverse transcriptase used has a particularly special property, first discovered
in the Moloney Murine Leukemia Virus (M-MLV). M-MLV reverse transcriptase continues to
polymerize after reaching the 5’ end of the template, adding on a handful of extra cytosine bases.
These bases are then used to bind a separate artificial oligonucleotide containing several guanine
bases at the 3’ end. The reverse transcriptase enzyme then undergoes “template switching”, where
it begins to reverse transcribe the oligonucleotide continuing off of the terminal extra cytosines,
despite the fact that it is no longer working with the original mRNA template! The result is a strand
of cDNA which contains known primers on both ends and a full-length transcript in between.
Amplification results in a relatively unbiased library representing the cell’s transcriptome. This
can then be tagmented with transposase Tn5 akin to NGS, with the caveat that each well contains
unique index sequences that associate each fragment with that well. These fragments can then be
pooled together and sequenced with standard NGS techniques as described above.
A different approach involves only sequencing the 3’ or 5’ ends of reads instead of the full
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Figure 1.9: Single-Cell RNA Sequencing Technologies. (a) Smart-seq2 full-length transcript
sequencing. Reproduced with permission from [70]. (b) Droplet-based sequencing utilizing unique
molecular identifiers (UMIs). Adapted from [71] via CC BY 4.0.
length. These often are droplet-based and utilize unique molecular identifiers (UMIs), which can
improve throughput as well as reduce bias during the amplification step [74, 75]. The goal of
this approach is to tag each transcript not only with its cell of origin, but also with a UMI before
amplification (Fig. 1.9b). Therefore, when later processing the sequence data, one can tell the
difference between reads that were amplified copies of the same original transcript versus reads
that came from different transcripts. Quantification of gene expression can thus be performed at
14

the UMI level as opposed to the read level, bypassing the biases that may be introduced through
the amplification process. A common commercial platform for conducting scRNA-seq in this
fashion is Chromium by 10x Genomics [76]. In that method, the diversity of cell barcodes and
UMIs is generated on gel beads. Each bead has millions of primer sites, each of which has the
same barcode corresponding to that bead, a UMI, and an oligo-dT primer. The beads and cells
are flowed through a microfluidic device such that most droplets contain exactly one bead and one
cell. After cell lysis, the primer sites on the beads capture polyadenylated mRNA, and reverse
transcriptase (with template switching) generates cDNA containing the barcode and UMI. The
library is then fragmented, enriched for these UMI-containing ends, and pooled together for highthroughput NGS.
Regardless of the method, single cell RNA-seq has been an invaluable addition to the repertoire of sequencing technologies, allowing us to better characterize the profiles of immune and
tumor cell subpopulations. Despite the increased resolution, single cell techniques face some
unique challenges that still need to be overcome. Dropout is a common yet serious effect in which
highly-expressed genes are undetected in some cells [77]. This is due not only to the biological
stochasticity of gene expression, but also because of technical variability in the process of reverse
transcription. Some methods exist to impute missing values [78], but these methods rely on assumptions on gene expression variability that may themselves introduce artifacts [79]. More work
is needed to de-noise and interpret scRNA-seq data, especially to account for batch effects that
arise from different sequencing technologies and samples. Nonetheless, single cell studies have
already shown promise in deciphering the cellular states within GBM [80, 81].
While sequencing technologies can uncover cellular identities, functions, and alterations, the
spatial information within a tissue is best studied through histology and microscopy. The most
common modality used in the clinic is still hematoxylin and eosin (H&E) staining, first developed in 1876 [84]. Hematoxylin stains nuclei and other basophilic structures, while eosin stains
eosinophilic components. H&E stains can reveal many key features in GBMs such as nuclear
atypia, endothelial proliferation, and pseudopalisading necrosis (Fig. 1.10). In addition, immuno-
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Figure 1.10: H&E Image of GBM. Pseudopalisading necrosis is plainly visible. Adapted from
[82] with permission.

Figure 1.11: Immunohistochemistry of GBM. IHC staining of EGFR (left column), p53 (middle
column), and IDH1 (right column) in a primary GBM (A-C) versus a secondary GBM (D-F).
Reproduced from [83] via CC BY-NC 3.0.
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histochemistry (IHC) is often used to determine the presence of specific proteins within tissues,
which is helpful in the clinical subclassification of tumors (Fig. 1.11). In the context of gliomas,
IHC is routinely performed to identify EGFR amplifications, p53 mutations, and IDH1 mutations
[83].

Figure 1.12: Multiplexed Immunofluorescence Image of GBM. Seven color channels represent
different cellular markers, which can be visualized simultaneously. Adapted from [32] with permission.
New developments in immunofluorescence imaging have created opportunities to expand our
spatial understanding of GBM beyond H&E staining and IHC. By utilizing fluorophores distributed
across the visible spectrum, quantitative multiplexed immunofluorescence (qmIF) allows for the
simultaneous visualization of up to 7 markers [85]. This is particularly useful for studying the
GBM microenvironment, which contains a variety of important types of immune cells within the
17

tumor (Fig. 1.12). Current qmIF platforms have utilized semi-automatic algorithms to perform
cell and tissue segmentation as well as phenotyping; yet, they predominantly rely on basic metrics
such as cell counts and nearest-neighbor analysis to uncover spatial information [86]. There is
still much room to expand upon the methodologies used to analyze this rich and complex type of
imaging.

1.6

Organization of this Thesis

The overall goal of this work is to advance imaging- and genomic-based precision oncology by utilizing new analytical methods to elucidate the molecular mechanisms underlying immunotherapy
and the tumor microenvironment. In Chapter 2, we will explore the determinants of immunotherapy in GBM by comparing spatial and genomic features between responders and non-responders.
We do so by longitudinally profiling 66 patients, including 17 long-term responders, during standard therapy and after treatment with PD-1 inhibitors (nivolumab or pembrolizumab). The main
findings include a significant enrichment of PTEN mutations associated with immunosuppressive expression signatures in non-responders, and an enrichment of MAPK pathway alterations
(PTPN11, BRAF) in responders. Responsive tumors were also associated with branched patterns
of evolution from the elimination of neoepitopes, as well as differences in T cell clonal diversity
and tumor microenvironment profiles. This chapter shows that clinical response to anti-PD-1 immunotherapy in GBM is associated with specific molecular alterations, expression signatures, and
immune infiltration changes that reflect the tumor’s clonal evolution during treatment. Material
presented in Chapter 2 is published, wholly or in part, in [32].
In Chapter 3, we probe deeper into the tumor microenvironment by using single cell technologies to profile individual myeloid cells, and reveal a potential marker for pro-tumor macrophages.
We combine new and previously-published single-cell RNA-seq data from 98,015 single cells from
a total of 66 gliomas to profile 19,331 individual macrophages. As the main finding, unsupervised
clustering revealed a pro-tumor subpopulation of macrophages characterized by expression of the
Material in this section is published wholly or in part in the referenced works [32, 87, 88, 89].
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scavenger receptor MARCO, which is almost exclusively found in IDH1-wildtype glioblastomas.
While previous studies have implicated MARCO as an unfavorable marker in melanoma and nonsmall-cell lung cancer, we also find here that MARCO expression is associated with worse prognosis in TCGA glioblastomas, and associates with mesenchymal expression subtype. Our single-cell
analysis shows that MARCO-expressing macrophages differentially over-express gene sets related
to the epithelial-mesenchymal transition and hypoxia, and under-express gene sets related to inflammation and antigen presentation. Furthermore, MARCO expression is significantly altered
over the course of treatment with PD1 checkpoint inhibitors in a response-dependent manner. We
find that MARCO-expressing macrophages appear to be recruited from the blood (as opposed to
being resident microglia), and paired single-cell analysis of tumor and myeloid cells demonstrate
that this recruitment may be driven by known chemoattractant factors. These findings illustrate a
novel myeloid subpopulation that drives tumor progression in glioblastomas, and suggest potential therapeutic targets to prevent their recruitment. Material presented in Chapter 3 is currently
in revision, and will be published as "Single-cell characterization of macrophages in glioblastoma
reveals MARCO as a mesenchymal pro-tumor marker" by Andrew X. Chen, et al.
In Chapter 4, we expand the techniques we used in GBM to investigate melanoma, showing that
our approach can shed insight on pan-cancer mechanisms. Among our main findings, we compare
primary to metastatic tumors and find that the nuclei of tumor cells are significantly larger in metastases. Additionally, the ratio of cytotoxic T lymphocytes (CTLs) to macrophages is significantly
different between primaries without distant metastatic recurrence (DMR) and metastases. Patients
without DMR have higher degrees of clustering between tumor cells and CTLs and between tumor cells and HLA-DR+ macrophages, but not HLA-DR- macrophages. The HLA-DR- subset
co-expresses CD163+CSF1R+ at higher levels than do CD68+HLA-DR+ macrophages, consistent with an M2 phenotype. Finally, we combine transcriptomic and multiplex data and find that
densities of cell types correlate with their respective cell phenotype signatures. Combination of
a previously published transcriptomic signature with the CTL/macrophage ratio stratifies patients
into three risk groups that are predictive of disease-specific survival, highlighting the potential use
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of combination biomarkers for adjuvant therapy. Material presented in Chapter 4 is published,
wholly or in part, in [87].
In the Appendices, we describe analyses that use Magnetic Resonance Imaging (MRI) to study
the spatial properties of gliomas. In Appendix A, we address the computational problem of MRI
segmentation. Segmentation is the process of delineating boundaries and features within images,
is a vital part of both the clinical assessment and the computational analysis of brain cancers.
In this appendix, we present an open-source algorithm (MITKats), built on the Medical Imaging
Interaction Toolkit, to provide user-friendly and expedient tools for semi-automatic segmentation.
To evaluate its performance against competing algorithms, we applied MITKats to MRIs of 38
high-grade glioma cases from publicly available benchmarks. The similarity of the segmentations
to expert-delineated ground truths approached the discrepancies among different manual raters,
the theoretically maximal precision. The average time spent on each segmentation was 5 minutes,
making MITKats between 4 and 11 times faster than competing semi-automatic algorithms, while
retaining similar accuracy. Material presented in Appendix A is published, wholly or in part, in
[88].
In Appendix B, we apply topological and statistical tools to MRI images taken from GBM
patients in order to predict survival. To do this, we design a novel statistic—the smooth Euler characteristic transform (SECT)—that quantifies magnetic resonance images (MRIs) of tumors. Due
to its well-defined inner product structure, the SECT can be used in a wider range of functional and
nonparametric modeling approaches than other previously proposed topological summary statistics. When applied to a cohort of GBM patients, we find that the SECT is a better predictor of
clinical outcomes than both existing tumor shape quantifications and common molecular assays.
Specifically, we demonstrate that SECT features alone explain more of the variance in GBM patient
survival than gene expression, volumetric features, and morphometric features. Material presented
in Appendix B is published, wholly or in part, in [89].
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Chapter 2
Immune and genomic correlates of response to anti-PD-1
immunotherapy in glioblastoma
Nature Medicine, 25(3), 462–469 (2019)

2.1

Introduction

Glioblastoma (GBM) is the most common primary brain malignancy in adults. The current standard of care for newly-diagnosed glioblastoma has limited efficacy, with a median overall survival
of approximately 16–20 months[4]. There is still no effective treatment for progressive or relapsed GBM, which occurs invariably in most patients. In the last decade, immunotherapy with
checkpoint inhibitors has shown remarkable success in treating a variety of tumors, including advanced melanoma[48], non-small-cell lung cancer[49], and Hodgkin’s lymphoma[50], among others. There has been considerable interest in utilizing immunotherapy in GBM, but a recent clinical
trial of Programmed cell death 1 (PD-1) immune checkpoint inhibitors in recurrent glioblastoma
showed that only a small subset of patients (8%) demonstrated objective responses[90]. The mechanistic basis for the variation in response patterns remains to be explained.
Improved response to anti-PD-1 therapy has been found to be associated with higher mutational
burdens in tumors across multiple cancer types[91, 58], as well as with levels of T cell infiltration
in the tumor microenvironment[52]. However, compared to melanomas or non-small cell lung cancer, GBM harbors a lower burden of somatic mutations[60] and a more immunosuppressive tumor
Material in this chapter is published wholly or in part in [32] by Junfei Zhao†, Andrew X. Chen†, Robyn D.
Gartrell, Andrew M. Silverman, Luis Aparicio, Tim Chu, Darius Bordbar, David Shan, Jorge Samanamud, Aayushi
Mahajan, Ioan Filip, Rose Orenbuch, Morgan Goetz, Jonathan T. Yamaguchi, Michael Cloney, Craig Horbinski, Rimas
V. Lukas, Jeffrey Raizer, Ali I Rae, Jinzhou Yuan, Peter Canoll, Jeffrey N. Bruce, Yvonne M. Saenger, Peter Sims,
Fabio M. Iwamoto*, Adam M. Sonabend*, and Raul Rabadan*.
†Equal author contributions. *Co-corresponding authors.
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microenvironment. One mechanism of immunosuppression is T cell exhaustion and apoptosis via
PD-1 ligands (PD-L1/2) expressed by tumor cells: upon binding PD-1 on the surface of cytotoxic
T cells, the T cells become incapable of eliciting effective anti-tumor responses. PD-1 inhibitor
therapy impairs this immune checkpoint and enhances the anti-tumor immune response[52]. Given
the variable and unpredictable response of GBM patients to PD-1 inhibitor therapies, we have extensively profiled 66 patients across a variety of time points, collecting DNA, RNA, tissue imaging,
and clinical data (Figure 2.1A). We sought to evaluate the genomic and stromal features associated with clinical outcomes, and to gain insight into the underlying mechanisms of immunotherapy
response.

2.2

Results

Response to Anti-PD-1 Immunotherapy Correlates with Improved Post-treatment Patient
Survival
We compiled a retrospective series of 66 adult GBM patients who were treated with PD-1 inhibitors
(pembrolizumab or nivolumab) upon recurrence. Baseline patient characteristics and available data
modalities of our cohort can be found in Supplementary Table 1 and Extended Data Fig. 1A.
Patients were classified as responders if they met at least one of the following two criteria:
1) Tissue sampled during surgery after PD-1 inhibitor therapy grossly showed only an inflammatory response and very few to no tumor cells (as associated with pseudo-progression).
2) Tumor volumes as seen from MRI were either stable or shrinking continually over at least
six months.
In Figure 2.1B, we show brain MRIs of two patients treated with nivolumab with their corresponding relative timelines. Patient NU 7 showed progression after two months of nivolumab as
measured by the RANO criteria[92]. Meanwhile, patient NU 11 showed stable disease without
progression after 17 months.
Demographic and clinical characteristics including response pattern, age at treatment initiation,
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Figure 2.1: Analysis pipeline and clinical characteristics of the cohort. (A) Sample collection
and computational workflow. (B) Brain MRIs of two patients treated with nivolumab, one of whom
showed disease progression following 2 months of treatment (Left, NU 7), the other showing
stable disease without progression after 17 months of treatment (Right, NU 11). (C) Univariate
survival analysis revealed that only response to anti-PD-1 therapy is significantly correlated with
overall survival of the patients (n = 25); p-value, two-sided log-rank test. (D) Kaplan-Meier curve
comparing overall survival of patients who responded to anti-PD-1 therapy (n = 13) to those that
did not respond (n = 12); p-value, two-sided log-rank test.
gender, and choice of PD-1 inhibitor were evaluated in a univariate survival analysis (Fig. 2.1C).
Since criterion 2 of our definition of response contains a temporal component, in order to avoid
potential confounding, we excluded from this analysis patients whose survival was less than six
months. Response to the PD-1 inhibitor was found to be the most significantly associated with
overall survival as measured from the initiation of immunotherapy: patients who showed a responsive pattern to anti-PD-1 immunotherapy had a median survival of 14.3 months compared to the
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10.1 months of non-responsive patients (p=0.0081, log-rank test) (Fig. 2.1D). Without excluding
patients, this effect was even stronger: responders had a median survival of 15.5 months whereas
non-responders had 5.7 months (p=2.2e-5, log-rank test) (Extended Data Fig. 1B,D). Similarly,
survival as measured from initial diagnosis was also increased in responders (p = 1.6e-3, log-rank
test, Extended Data Fig. 1C). However, there was no significant difference in the time spanning
between initial diagnosis and the start of anti-PD-1 treatment between the two groups (p = 0.96,
Wilcoxon rank-sum test).
Genomic Features of GBMs under immunotherapy
We analyzed 58 whole exomes and 38 transcriptomes from longitudinal tumor-matched blood
normal samples for 17 patients, and also incorporated the results from a cancer gene panel for 39
patients (Fig. 2.2A).
We identified a median of 47 non-synonymous somatic mutations in the 33 tumors, with a range
from 14 to 83, typical for GBM[14] (Supplementary Table 2). Contrary to previous observations
in other tumor types[93, 91, 58], we did not find more non-synonymous single nucleotide variants
(nsSNVs) in the responsive compared to the non-responsive baseline tumors (Extended Data Fig.
2). In fact, we observed a non-significant trend in the opposite direction; based on the pre-treatment
samples from the first surgery for each patient, non-responders had a median nsSNV count of 40
whereas responders had 26 (p = 0.11, Wilcoxon rank-sum test). A statistically non-significant
trend was also observed between response and aneuploidy (p = 0.88, t-test, Extended Data Fig.
2)[94]. Similarly, human leukocyte antigen class I (HLA-I) neoepitope load predictions yielded
similar patterns for the two groups (median of 45 in non-responders and 35 in responders, p =
0.41, Wilcoxon rank-sum test). Although a recent study has shown that zygosity at HLA-I genes
influences survival of advanced melanoma and non-small cell lung cancer patients treated with
immunotherapies[95], we did not find any significant association between HLA zygosity with
immunotherapy response or survival. Additionally, there was no significant difference of tumor
purity between these two groups (median of 0.41 in non-responders and 0.38 in responders, p =
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Figure 2.2: Mutational landscape and genomic correlates of response under anti-PD-1 therapy. (A) Clinical and genetic profiles of the cohort. (B) Enrichment of BRAF/PTPN11 and PTEN
mutations in tumors from responders and non-responders, respectively, compared to the TCGAGBM background (left, n = 503 patients) and within the cohort (right, n = 45 patients); two-tailed
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0.19, Wilcoxon rank-sum test).
Enrichment of PTEN Mutations in Anti-PD-1 Non-Responsive GBM
We then sought to identify mutations (nsSNVs and indels) that were significantly enriched in either
responsive or non-responsive tumors. In total, we identified 11 IDH1 R132G/H mutated tumors,
of which 4 were found in responders and 7 in non-responders. Focusing on the remaining 45 IDH1
wild-type tumors, we found 23 PTEN mutations among the 32 non-responders, but only 3 among
the 13 responders (Figures 2.2B, C). Within the cohort, PTEN was significantly more frequently
mutated in the non-responsive tumors than the responsive ones (Fisher p = 0.0063, odds ratio =
8.5, FDR corrected p < 0.05, Figure 2.2B, right). Considering that the background PTEN mutation
rate is around 33% (154 of 458 tumors in IDH1 wild-type glioblastomas from TCGA[96]), PTEN
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mutations were also more enriched in non-responders than expected (Fisher p = 0.0018, odds ratio
= 3.3, false discovery rate (FDR) corrected p < 0.05, Figure 2.2B, left, see Methods).
Notably, existing studies in melanoma have shown that PTEN loss in tumor cells increases the
expression of immunosuppressive cytokines, resulting in decreased T cell infiltration in tumors
and inhibited autophagy, which decreases T cell-mediated cell death[97]. Meanwhile, a study
in glioblastoma has shown that tumor-specific T cells lysed PTEN wild-type glioma cells more
efficiently than those expressing mutant PTEN[98]. By utilizing single-sample gene set enrichment
analysis (ssGSEA) to calculate the enrichment score of the PI3K-AKT pathway for each tumor
in our cohort, we also observed significantly higher PI3K-AKT pathway activity among PTEN
mutant non-responsive tumors (t-test p = 0.049, Extended Data Fig. 3A). However, we did not
find any difference in CD274 (which encodes PD-L1) RNA expression between responsive and
non-responsive tumors (t-test p = 0.374, Extended Data Fig. 3B).
Enrichment of MAPK (ERK) pathway mutations in Anti-PD-1 Responsive GBM
We also found 4 mutations in the MAPK pathway components (including BRAF and PTPN11)
among the 13 responders, only 1 among the 32 non-responders (Fig. 2.2B). Considering the rarity of MAPK pathway mutations among IDH1 wild-type glioblastoma (mutation rate 7.8%, 36 of
458 tumors from TCGA), MAPK pathway genes were significantly more frequently mutated in
the responsive tumors than expected (Fisher p = 0.018, odds ratio = 5.1, FDR corrected p < 0.05).
Similarly, MAPK pathway mutations are also significantly enriched in responders within our cohort (Fisher p = 0.019, odds ratio = 12.8, FDR corrected p < 0.05). Given the high prevalence of
BRAF mutations in melanoma and the dramatic success of immunotherapy in treating advanced
melanoma, this finding may have relevant implications for the MAP kinase pathway and immune
response[99]. Concordantly, the MAPK pathway was recently implicated in the modulation of T
cell recognition of melanoma cells in a genome-wide CRISPR screen analysis[100].
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Clonal evolution of tumors under immunotherapy reflects negative selection against
neoantigens
Recent studies in cancer immuno-editing have shown that the immune system selects for tumor
variants with reduced immunogenicity, a phenomenon that could contribute to immune-evasive
features of gliomas[101]. The pattern of initial response and later relapse among the responders
in our cohort led us to investigate the evolution of tumors undergoing anti-PD-1 immunotherapy.
The number of mutations exclusive to or in common with each sample was used to construct
evolutionary trees for 5 patients (2 non-responders and 3 responders) for whom we had both pre-

PTEN
NF1

B

PTEN

Primary

Shared mutations
Pre-treatment
Post-treatment

Recurrent 2

MTOR
CREBBP

Recurrent 1
Recurrent 2

Non-Responder

Time

Patient 53

TMZ

Anti PD-1
therapy

C
0.8

●

●

●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●

●
●
●
●
●
●
●
●
●
●
●
●

●
●
●

●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●

●

●
●
●
●

●
●
●
●

●
●
●
●
●
●

●
●
●
●
●
●

●

●
●

●

●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●

●

●

●

●

●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●

●

Patient 55

Patient 71

●

●
●
●
●
●
●
●
●
●
●
●
●
●
●
●

●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●

TCF12
A605S

Patient 101

e

FNIP1
T409M

Pr

●

Po
st

CYP27B1
G194E

e

Pr

e

●
●

●

Patient 20

e

●
●
●
●

Pr

Patient 101
0.0

Patient 71

●
●
●
●
●

Po
st

●
●
●
●
●
●
●
●
●
●
●
●
●
●

Patient 55

●
●
●

●

●

●
●
●

Pr

Recurrent 1

●

●
●
●
●
●
●

●

e

CYP27B1

●
●
●
●

●
●
●
●
●
●
●
●
●
●
●

Pr

Recurrent 1

●
●

Po
st

Recurrent 2
Recurrent

Po
st

Primary

Recurrent 2

0.6

IDH1
Primary

Non-Responder

●

●

0.4

NF1

TCF12

Allele Frequency

Primary

FNIP1

0.2

RB1

Responder

Po
st

Patient 20

PTEN
TP53

Responder

Responder

Neoantigen

1.0

Non-Responder

Primary

clonal prevalence

A

clonal prevalence

and post-immunotherapy tumor samples (Fig. 2.3A).

Patient 53

Figure 2.3: Tumor evolution under anti-PD-1 therapy. (A) Evolutionary trees of 5 patients (2
non-responders & 3 responders) evaluated by whole-exome sequencing. Selected driver mutations
are labeled in black. The variants that were eliminated after anti-PD-1 therapy and predicted to
generate neoantigens are labeled in red. (B) Different tumor evolution models characterize nonresponders and responders. The upper panel represents non-responders following a linear pattern
of evolution. The lower panel represents responders following a branching pattern of evolution,
with the elimination of a clone possessing a neoantigen after anti-PD-1 therapy. (C) Variant allele frequency of protein coding mutations before and after immunotherapy. Predicted expressed
neoantigens are depicted in red.
We found that the tumors from non-responders and responders exhibit different patterns of
evolution. The higher fraction of mutations exclusive to post-immunotherapy tumors compared
to the pre-anti-PD-1 treatment case in the two non-responders (patient 20 & 53) suggests that
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they followed the classical linear model of tumor evolution. In contrast, the tumors from two responders (patients 55 & 71) were more similar to the branched model, with clonal alterations in
pre-anti-PD-1 dominant clone not present after therapy, suggesting that specific alterations and
evolutionary patterns are associated with treatment (Fig. 2.3B). In the case of Patient 55, we found
3 missense mutations (MYPN R409H, UBQLN3 R159W, CYP27B1 G194E) that were present
before anti-PD-1 therapy (Recurrent 1), but not after (Recurrent 2). Interestingly, one of these
mutations (CYP27B1 G194E) is highly expressed (RPKM >5) and predicted to result in immunogenic neoantigens. Similarly, for two other responders (Patients 71 and 101), we found a missense
mutation (FNIP1 T409M and TCF12 A605S, respectively) missing after immunotherapy, which is
also highly expressed (RPKM >5) and predicted to generate a neoantigen (Fig. 2.3C).
We also tracked the evolution of lymphocytes within the tumor by identifying TCR and immunoglobulin RNA sequences. Across 7 patients, we assessed the total number of relevant reads,
and the clonal diversity via Shannon entropy, an information theory measure of randomness (Extended Data Fig. 4). We found that non-responders had a greater increase in clonal diversity among
T cells compared to responders (Fig. 2.4A, p = 0.024, Exact Mann-Whitney U test). Likewise, the
same effect was seen in the clonality of immunoglobulin reads, suggesting a similar response in B
cells (Extended Data Fig. 5, p = 0.048, Exact Mann-Whitney U test).
Enriched Transcriptomic Signatures in Anti-PD-1 Non-Responsive GBM
Expression subtyping into proneural, mesenchymal, and classical subtypes[102] did not result in
any association with response (Extended Data Fig. 6). From a differential enrichment analysis
across a total of 9,292 gene sets from MSigDB, we observed that prior to PD-1 inhibitor treatment,
gene sets related to regulatory T cells were enriched among the top-ranked gene sets (p = 0.037,
Fig. 2.4B). Additionally, enrichment analysis showed that genes up-regulated in Treg cells were
significantly more active in non-responsive tumors (Extended Data Fig. 7). FOXP3-expressing
Treg cells, which suppress aberrant immune response against self-antigens, have been shown to be
negatively associated with clinical response to adaptive immunotherapy in human cancers[103].
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Figure 2.4: Transcriptomic signatures related to response to anti-PD-1 therapy. (A) T cell
clonal diversity before and after immunotherapy was assessed by identifying TCR RNA sequences
within the tumor. Non-responders had a greater increase in Shannon entropy among T cells compared to responders (p = 0.024, two-sided Exact Mann-Whitney U test; n = 16 independent timepoints from 7 patients). (B) Heatmap showing the top gene sets differentially enriched in responders versus non-responders prior to (upper panel) and after immunotherapy (lower panel). (C)
Single-cell RNA-Seq identifies a cluster of CD44 expressing tumor cells that are enriched in displaying an immunosuppressive profile (n = 4000 cells). (D) Heatmap showing the associations
between PTEN mutations and immune cell enrichment in TCGA (two-sided Wilcoxon rank-sum
test; n=167 samples).
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Interestingly, following immunotherapy, gene sets related to immunosuppression were more active in responsive tumors, including FOXP3 and STAT3 signatures as well as an immune evasion
signature previously reported in renal cell carcinoma[104] (Fig. 2.4B).
Immunohistochemistry imaging of five tumors after anti-PD-1 treatment (2 responders and 3
non-responders) did not identify CD4+FOXP3+ regulatory T cells, suggesting that the aforementioned FOXP3 expression signature originated from another cell type. To investigate the origin
of this immune signature, we studied the transcriptional profiles of 9,000 cells from three GBMs,
including a PTEN-mutated tumor[105]. Cells associated with the signature were enriched in a
PTEN-mutated tumor (p < 1e-16, Kolmogorov-Smirnov test, Extended Data Fig. 8), consistent
with associations found in TCGA PTEN-mutated samples (p < 1e-16, Kolmogorov-Smirnov test,
Extended Data Fig. 8). Using topological data analysis[106], we identified three major cellular
populations: microglia, actively proliferating tumor cells (Ki67+), and tumor cells with migrational markers (CD44+). Of these groups, the immunosuppressive signature was most associated
with the CD44+ tumor subpopulation of the PTEN-mutated case (p < 1e-16, t-test, Fig 2.4C, Extended Data Fig. 9).
The observation that these immune signatures are up-regulated in non-responsive tumors suggests that PTEN may play a role in the formation of the tumor immune microenvironment. To
further explore the potential immunological impact of PTEN mutations, we analyzed RNA-seq
data from 172 samples from TCGA. We found that PTEN mutations are significantly correlated
with the aforementioned FOXP3-related transcriptional signature, and with lower tumor purity
(p=0.028, Wilcoxon rank test, Extended Data Fig. 10). Then, ssGSEA was employed to measure the per sample infiltration levels of 24 immune cell types[107]. Consistent with a previous
report[108], correlation analysis revealed that PTEN mutations are significantly associated with
higher level of macrophages, microglia, and neutrophils in the tumor microenvironment (p < 0.05,
Wilcoxon rank-sum test, FDR corrected p < 0.1, Fig. 2.4D). As the predominant immune cells
infiltrating gliomas, tumor-associated macrophages have been shown to release a wide array of
growth factors and cytokines that can facilitate tumor proliferation, survival and migration[109].
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Immune Cell Infiltration Correlates with Response to anti-PD-1
Next, we investigated if PTEN mutations were associated with the structure of the tumor microenvironment, which we explored with quantitative multiplex immunofluorescence (qmIF)[86, 85].
We stained and analyzed FFPE specimens from 17 patients with matched pre- and post- anti-PD-1
treatment samples (7 non-responders, 10 responders, Fig. 2.5A). We found that PTEN-mutated
tumors tended to have higher overall levels of CD68+ macrophage infiltration, although the difference did not reach statistical significance. Given that macrophages have heterogeneous roles,
upon further categorization we observed in PTEN-mutated tumors a significantly higher density of
CD68+HLA-DR- macrophages (p = 0.011, Wilcoxon rank-sum test, Fig. 2.5B), a subpopulation
that indicates poor survival in melanoma[86]. Finally, after immunotherapy, the density of CD3+
T cells in PTEN-wild-type samples significantly increased compared to pre-treatment samples (p
= 0.0095, Wilcoxon rank-sum test, Fig. 2.5B), while the PTEN-mutated samples did not show this
change. The same pattern was also observed in both CD3+CD8- (p = 0.0095, Wilcoxon rank-sum
test, Fig. 2.5B) and CD3+CD8+ T cells (p = 0.038, Wilcoxon rank-sum test, Fig. 2.5B).
To assess the degree of clustering between cell types, we applied a technique from spatial statistics, the pair correlation function. We found that prior to immunotherapy, tumor cells clustered
more strongly with each other in PTEN-mutated cases compared to PTEN-wild-type (p = 2.4e-4,
Wilcoxon rank-sum test, Fig. 2.5C). Furthermore, in PTEN-wild-type cases, macrophages became
more strongly clustered with each other following treatment (p = 0.0012, Wilcoxon rank-sum test,
Fig. 2.5C); however, this effect was reversed in PTEN mutants (p = 0.032).

2.3

Discussion

In summary, we have confirmed that GBM patients who were responsive to anti-PD-1 immunotherapy (as evaluated through radiology and pathology) had significantly better overall survival after
treatment. In our cohort, tumors from non-responders were significantly enriched for PTEN mutations; furthermore, RNA-seq analysis indicated that these PTEN mutations may induce a dis-
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Figure 2.5: Tumor microenvironment profiling through quantitative multiplex immunofluorescence. (A) Representative Multispectral Images (MSI) from pre-treatment samples showing
DAPI (nuclei, blue), SOX2 (tumor, red), CD68 (microglia/macrophages, green), HLA-DR (activation marker, orange), CD3 (T cells, cyan), PD-L1 (immune suppression, yellow), and CD8 (CTLs,
magenta), in a non-responder (left) and a responder (right). The white bars represent 10 µm. A
total of n = 337 images were acquired. (B) Cellular proportions for identified cell types are shown
before and after immunotherapy, as a fraction of the total cell count (n = 17 patients; p-values, twosided Wilcoxon rank-sum test). Boxplots show the median, interquartile range, and whiskers (1.5
times interquartile range). (C) Pair correlation functions compare the degree of clustering of cells
as a function of radius, for macrophages in PTEN-wild-type patients (above, n = 126 images) and
for tumor cells prior to immunotherapy (below, n = 204 images). Lines represent the point-wise
median across samples; shaded regions represent 95% confidence intervals.
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tinct immunosuppressive microenvironment. Single-cell RNA profiling revealed that the source of
this signature originates not from Treg cells, but rather from tumor cells overexpressing CD44, a
marker associated with cellular mobility and GBM aggressiveness[110]. Immunohistochemistry
analysis confirmed the lack of increase of T cell infiltration in PTEN-mutant tumors, concurring
with transcriptomic signatures seen in pretreated cases from TCGA. We also identified differences
in spatial structure of the tumor microenvironment that were associated with PTEN status; the
increased clustering of tumor cells in PTEN mutants may impede immune infiltration. Similar results were observed in melanoma[97] and in uterine leiomyosarcoma[111], where PTEN loss was
associated with reduced immune infiltration and resistance to anti-PD-1 therapy. Furthermore, the
AKT-mTOR pathway downstream of PTEN has been implicated in both PD-L1 expression[112]
as well as immune evasion in cancers[113]. These in turn may determine the response pattern of
GBM patients to anti-PD-1 immunotherapy.
There is good evidence in the literature that alterations in the MAPK signaling pathway are implicated in the development of an unfavorable cancer immune phenotype[114]. On the other hand,
preclinical evidence suggests that MAPK pathway inhibition can dramatically increase the efficacy
of immunotherapy[115]. The observation in our cohort that BRAF/PTPN11 mutations are enriched in tumors responsive to anti-PD-1 therapy supports the rationale for combining checkpoint
inhibitors with MAPK targeted therapy in multiple cancers[114, 116]. Furthermore, these genomic
phenomena may be interconnected, as a study in prostate cancer has proposed a PTEN/PTPN11
axis that is responsible for immunosuppression[117]. Another important finding in our study is
the distinct evolutionary patterns of responding and non-responding tumors under immunotherapy.
Although we did not find higher somatic mutation and neoepitope loads in responding tumors, our
analysis of their evolution provides strong evidence that the immune system plays an important role
in the negative selection of clones containing immunogenic neoepitopes, and thus promotes tumors
in escaping immune surveillance. This also confirms previous observations from gastrointestinal
cancers where low mutational loads did not preclude tumor infiltration by mutation-reactive, class
I- and II-restricted T cells[118]. Additionally, non-responders were found to have a greater in-
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crease in T cell diversity following immunotherapy, suggesting the failure of selective recruitment
of lymphocytes into the tumor microenvironment. Supporting the role of tumor evolution in shaping the microenvironment, gene sets associated with immunosuppression were more active in nonresponders prior to immunotherapy but were more active in responders following treatment. These
findings are consistent with the notion that tumors of non-responders possessed primary resistance
to immunotherapy, whereas responders demonstrate a gradual acquisition of resistance following
successful selection pressure[119].
In conclusion, our study identified multiple genomic features related to response to anti-PD-1
therapy in GBM patients and depicted distinct evolutionary patterns of GBM under immunotherapy. Whereas overall PD-1 inhibitors do not provide a survival benefit for GBM patients, our
study showed that a sub-group of patients might benefit from this therapy, suggesting a molecular, personalized approach for refining patient selection for immunotherapy. While this approach
requires further validation, it might provide a means for the effective application of therapy for
glioblastoma.

2.4

Methods

Patient selection. We collected a series of adult GBM patients (treated with pembrolizumab or
nivolumab upon recurrence) from two institutions: Northwestern University (n=20) and Columbia
University (n=46) with proper IRB approval at each institution. Informed consent was obtained
from all patients, and this study complied with all relevant ethical regulations. All patients were
treated with the standard therapy of temozolomide and radiation[5] prior to the administration of
PD-1 inhibitors. We excluded patients for which there were no pre-immunotherapy specimens
(either at diagnosis or after standard therapy recurrence) available. The baseline patient characteristics for our cohort are found in Supplemental Table 1, and the distribution of available data
modalities across the cohort is found in Supplemental Figure 1.
Sequencing and mapping. On average, 100-fold exome-wide target coverage was achieved
for all of the sequenced tumor samples, and 60-fold for matched blood normal samples. High34

quality reads for these samples were mapped by BWA[120] to the hg19 human genome assembly
with default parameters. All mapped reads were then marked for duplicates by Picard to eliminate
potential duplications.
Somatic mutations. To identify somatic mutations from whole-exome sequencing data for
samples from patients with GBM, we applied the variant-calling software SAVI2 (statistical algorithm for variant frequency identification[121]), which is based on an empirical Bayesian method.
Specifically, we first generated a list of variant candidates by successively eliminating positions
without variant reads, positions with low sequencing depth, positions that were biased for one
strand, and positions that contained only low-quality reads. Then, the numbers of high-quality
reads for forward-strand reference alleles, reverse-strand reference alleles, forward-strand nonreference alleles, and reverse-stand non-reference alleles were calculated at the remaining candidate positions to build the prior and the posterior distribution of mutation allele fraction. Finally,
somatic mutations were identified on the basis of the posterior distribution of differences in mutation allele fraction between normal and tumor samples. SAVI2 was able to assess mutations by
simultaneously considering multiple tumor samples, as well as their corresponding RNA samples,
if available. Only variants with a mutant allele frequency of 5% or greater were included for further
analysis.
Analysis of mutation frequencies. Our pipeline is capable of detecting intragenic exon deletions, whereas these alterations are not reported in TCGA. When comparing the rate of PTEN
mutations between our cohort and TCGA, for the sake of egalitarianism we have excluded the 3
calls of these intragenic exon deletions from our cohort.
Analysis of copy number changes. CNVkit[122] was used to detect copy number changes
from whole exome sequencing data. Tumor purity estimation. In our cohort, we calculated tumor purity with ABSOLUTE[123]. For TCGA, pre-computed values from ESTIMATE[124] were
used.
Gene fusion detection. ChimeraScan[125] was used to generate the starting set of gene fusion
candidates. To reduce the false positive rate and nominate potential driver events, we applied the

35

Pegasus annotation and prediction pipeline. We reconstructed the entire fusion sequence on the
basis of breakpoint coordinates and assigned a driver score to each candidate fusion via a machine
learning model trained largely on GBM data[126].
Gene expression analysis. Paired-end transcriptome reads were processed using STAR[127]
aligner based on the Ensembl GRCh37 human genome assembly with default parameters. Normalized gene expression values were calculated by featureCounts[128] as RPKM. ssGSEA was
performed using the R package GSVA[129]. We compared the transcriptomic profiles of the two
tumor groups using ssGSEA based on 5 collections of annotated gene sets from the Molecular Signature Database v6.0 (C2 curated gene sets, C4 computational gene sets, C6 oncogenic gene sets,
and C7 immunologic gene sets)[130]. Then differentially-enriched gene sets between the responders and non-responders were defined by an effect size of GSVA score differences being greater
than 0.8 and a t-test p value of less than 0.01.
HLA typing and neoantigen prediction. To test if HLA zygosity affects immunotherapy response or survival, we determined HLA genotypes of 17 patients for whom we had normal blood
whole-exome sequencing data and verified using tumor RNA. HLA typing for each sample was
performed on blood DNA using the POLYSOLVER algorithm[67]. We furthermore validated the
calls with tumor RNA, which achieved perfect concordance on samples where both were available.
We used the pVAC-Seq[131] pipeline with the NetMHCcons[132] binding strength predictor to
identify neoantigens. NetMHCcons integrates three state-of-the-art methods, NetMHC, NetMHCpan and PickPocket, to give the most accurate predictions with consideration of the patient’s HLA
type. As required, we used the variant effect predictor from Ensembl to annotate variants for
downstream processing by pVAC-Seq. For each single-residue missense alteration, MHC binding
affinity was predicted for all the wild-type and mutant peptides of 8, 9, 10, and 11 amino acids in
length. The mutant peptide with the strongest binding affinity was kept for further analysis.
Single cell data analysis. Single cell transcriptional profiles were obtained from 9,000 cells
over three samples[105]. GSEA was used to assess enrichment of transcriptomic signatures among
the samples. Topological representations of cellular expression were constructed with Mapper
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(Ayasdi Inc), outputting a network where nodes represent sets of cells with similar characteristics.
RGB values were computed for each node in proportion to its composition of Ki67+ tumor cells,
microglia, and CD44+ tumor cells, respectively.
Tumor purity estimation and cellular fraction. ABSOLUTE was used to infer tumor purity
and ploidy for each whole-exome sequencing sample by integrating mutational allele frequencies
and copy number calls.
Lymphocyte clonality analysis. TCR and immunoglobulin RNA sequences were processed
via MiXCR[66]. This was performed for a total of 7 patients for whom we had pre- and postimmunotherapy RNA-seq data of sufficient quality. Of these patients (2 non-responders and 5
responders), one from each response criteria had two samples post-therapy (patients 53 and 101).
Clonal diversity was calculated through Shannon entropy.
Quantitative multiplex immunofluorescence (qmIF) analysis. Formalin fixed, paraffin embedded (FFPE) tumor samples were collected for each sample and Hematoxylin and Eosin (H&E)
slides were reviewed by a neuropathologist (PC) to confirm presence of tumor. Opal multiplex staining was performed on FFPE immunoblank slides for CD3 (T cells), CD8 (cytotoxic
T lymphocytes (CTLs)), CD68 (microglia/macrophages), HLA-DR (activation marker), PD-L1
(immunosuppression marker), and SOX2 (tumor marker). Images were acquired using VectraTM
(PerkinElmer) for whole slide scanning, and multispectral images (MSI) were acquired for all areas
with at least 99% tissue, using inFormTM software (PerkinElmer) to unmix and remove autofluorescence. MSIs were analyzed using inFormTM software and R to evaluate density of immune
phenotypes within the tumor microenvironment.
Spatial analysis. Phenotyped immunofluorescence data was processed into pair correlation
functions (PCFs) using the spatstat R package[133]. Inhomogeneous PCFs were calculated up to
a radius of 50 microns for Tumor and CD68+ cells, provided that there was a minimum of 20
cells of that type in the sample. The isotropic edge correction and a normalization power of 2
were used. The area under the curve for each PCF was used as a summary statistic for quantifying
clustering, and plots represent the point-wise median PCF across samples with 95% confidence
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intervals obtained via bootstrapping.
Statistical analysis. All statistical analyses were conducted in R and Python. In all boxplots,
the center lines represent the median, lower and upper box limits are respectively the first and third
quartiles, and whiskers represent the maximal values up to 1.5 times the interquartile range. All
values extending beyond this range are considered fliers/outliers. Violin plots use the Gaussian
kernel to estimate densities. The two-sided Wilcoxon rank-sum (Mann-Whitney) test was generally used to nonparametrically compare two populations, unless we had prior knowledge that
distributions were normal, in which case the two-sided t-test was used. P-values were adjusted for
multiple comparisons using the Benjamini-Hochberg (FDR) procedure, and statistical significance
was assessed at an adjusted p-value threshold of 0.05.
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Chapter 3
Single-cell characterization of macrophages in glioblastoma
reveals MARCO as a mesenchymal pro-tumor marker

3.1

Introduction

Glioblastoma (GBM) is a devastating primary brain malignancy. Recurrence of GBM is inevitable
despite the standard treatment of surgery, chemotherapy, and radiation – and median survival is
limited to around 16 months[4]. Barriers to treatment include the complex interactions of myeloid
cells in the tumor microenvironment, which play a variety of pro-tumor roles in gliomas[134, 88,
135]. While immunotherapies have been successful across a variety of other cancers[136], they
are hindered in GBM by an immunosuppressive microenvironment including tumor-associated
macrophages (TAMs)[137]. Indeed, a recent study of checkpoint inhibitor therapy in GBM found
an association between infiltration of HLA class II deficient-macrophages with tumor profiles unfavorable to immunotherapy[32]. In addition, these TAMs are also hypothesized to contribute to
the mesenchymal expression subtype, traditionally associated with poorer outcomes and treatment
resistance[29].
Targeting these TAMs (such as with CSF1R inhibitors) is an intriguing therapeutic option, but
requires a better understanding of markers specific to and necessary for TAM functioning[39, 40,
138]. Our classical knowledge of macrophage polarization (M1 vs. M2) provides a simplified
illustration of these different states[135]. However, this is clearly not the whole picture, given that
Material in this chapter is currently under revision. It will be published in a similar form by Andrew X. Chen,
Robyn D. Gartrell-Corrado, Junfei Zhao, Pavan S. Upadhyayula, Wenting Zhao, Jinzhou Yuan, Athanassios Dovas,
Anna Lasorella, Antonio Iavarone, Peter Canoll, Peter A. Sims, and Raul Rabadan*
*Corresponding author.
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M1 and M2 genes are often co-expressed in individual TAMs[139]. Thus, the specific markers and
pathways involved in pro-tumor myeloid cells in GBM still remain elusive.
Due to the diversity of cell types in the tumor microenvironment, bulk expression profiles are
not ideal for investigating cellular subpopulations. Instead, single-cell RNA sequencing (scRNAseq) has proven instrumental to understanding the heterogeneity within GBM[24, 32]. In recent
years, there have been several published scRNA-seq datasets in gliomas[140, 139, 80, 141, 142,
81, 105], which have helped elucidate the general differences between macrophage versus microglial populations in the tumor microenvironment. However, each study has been limited in
terms of patient numbers. Here, we combine 9 new scRNA-seq samples from glioblastomas with
57 previously-published cases to explore the profiles of myeloid cells in gliomas at an unprecedented scale.

3.2

Results

Single-cell identification of a MARCO+ subpopulation of macrophages in GBM
To understand the heterogeneity of cellular profiles in GBM, we collected single-cell RNA-seq
data from nine GBM cases and combined it with 41 GBM cases from previously-published studies
for a total of 79,968 single-cell transcriptomes (Supplementary Table 1). To reduce batch effect,
we filtered our gene list to the 499 genes that overlapped with LM22, the reference matrix used
by CIBERSORT[68] to differentiate immune cells (Supplementary Table 2). After filtering, lognormalization, batch effect reduction, and dimensionality reduction, visualization of these cells
produced a distinct myeloid population of 17,132 cells characterized by CD14 (Fig. 3.1A, Supplementary Fig. S1). Unsupervised k-means clustering on this myeloid population revealed two
subpopulations (validated by silhouette score, Supplemental Fig. S2). One of these subpopulations was enriched in inflammation-related genes, with CCL4 and IL1B as the top two genes on
the filtered gene list (p = 0.004 and p = 0.008 respectively, exact permutation test; Fig. 3.1B). The
other subpopulation, opposite to the inflammatory side, had MARCO (macrophage receptor with
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collagenous structure) as the top gene (p = 0.004, exact permutation test; Fig. 3.1B). MARCO remained the top enriched gene for this side even when left out during the dimensionality reduction,
demonstrating its representativeness (p = 0.004, exact permutation test). Looking at the expression of MARCO in all cell populations, we found that it is specifically found in this subpopulation
of myeloid cells (Supplementary Fig. S3A). MARCO is a scavenger receptor normally found on
alveolar macrophages[143] with a variety of immunomodulatory roles[144, 145, 146]. Given the
negative role of MARCO in other cancers[147, 148, 149], we chose to focus on these MARCO+
macrophages and their impact on the tumor microenvironment.
Absence of MARCO expression in LGG and IDH1-mutant GBM
We next investigated whether this myeloid subpopulation could also be observed in lower-grade
gliomas (LGGs), which include grade II and III astrocytomas as well as oligodendrogliomas. We
collected single-cell expression profiles of 18,047 cells from 16 LGGs and processed them in the
same manner as for GBM above (Fig. 3.1C). Although 2,199 myeloid cells were identified, only
1% (23 cells) had non-zero expression of MARCO (Fig. 3.1D) compared to the 12% in GBM
(2092 cells, p < 0.001; Chi-squared test). This is despite the GBM samples having lower library complexity (p < 0.001, Mann-Whitney U test; Supplemental Fig. S4). Since most LGGs
are IDH1-mutated, we examined MARCO expression in the 4 GBM cases with IDH1 mutations.
Of the 281 macrophages from IDH1-mutated GBMs, only one cell had non-zero expression of
MARCO. Comparing normalized expression levels, mean MARCO expression in IDH1-wildtype
GBM macrophages was 160 times higher than in IDH1-mutated GBM (p = 0.020, Mann-Whitney
U test) and 64 times higher than in LGGs (p = 0.0007, Fig. 3.1E top). Meanwhile, the mean expression of other myeloid markers such as CD14 was not significantly different (p = 0.34 and p = 0.30,
Fig. 3.1E bottom). Therefore, MARCO expression is almost exclusively found in macrophages of
IDH1-wildtype GBM, rather than their less deadly IDH1-mutated or lower-grade counterparts.
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Figure 3.1: Identification via scRNA-seq of a MARCO+ subpopulation of macrophages specific to IDH1-WT glioblastoma. (A) Single-cell depiction of 79968 glioblastoma cells reveals a
myeloid population characterized by CD14. (B) Applying gene filtering and unsupervised clustering upon this these myeloid cells reveals MARCO as defining an anti-inflammatory side opposite
to CCL4. (C) Single-cell exploration of 18047 lower-grade glioma cells reveals little MARCO
expression within the myeloid population (D). (E) Mean MARCO expression among macrophages
is specific to IDH1-wildtype GBM (above), while mean CD14 expression among macrophages is
similar (below).
MARCO bulk expression associates with poor clinical outcomes and mesenchymal subtype
To understand the clinical consequences of MARCO expression, we examined its bulk expression in two published datasets: TCGA-GBM and the GBM cohort from [14] (for a total of n =
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603). Splitting patients into MARCO-high and MARCO-low groups down the median, we found
a negative association of MARCO expression with both overall survival (OS: p = 0.0046, n = 592,
log-rank test, Supplemental Fig. S5A) and disease-free survival (DFS: p = 0.018, n = 387, Supplemental Fig. S5B). However, given the aforementioned association of MARCO with IDH1 and the
strong impact of IDH1 mutations on survival, we repeated the analysis with only the 437 GBMs
with known IDH1-wildtype status, and the effect persisted (OS: p = 0.0084, n = 437; DFS: p =
0.035, n = 267, log-rank test, Fig. 3.2A,B). Continuing this analysis with the IDH1-wildtype cohort, we treated MARCO expression as a continuous variable and found that the effect of MARCO
in a univariable Cox model was also significantly detrimental to survival (p = 0.00057 for OS,
hazard ratio = 1.19; p = 0.0047 for DFS, hazard ratio 1.19; Wald test). These effects were most
pronounced in terms of long-term survival, with MARCO-high patients having roughly half the
overall survival rate at the two-year (18.0% vs. 31.8%) and five-year (3.7% vs. 7.8%) timepoints
compared to MARCO-low patients. Similarly, two-year DFS was over three times lower in the
MARCO-high population (5.8% vs. 18.1%; no data for five-year DFS). The effect of MARCO expression on survival remained after controlling for common confounders including age and MGMT
methylation status (Supplemental Fig. S5C).
Recapitulating the single-cell results, we found an association of IDH1 mutations with decreased MARCO expression in bulk data (p = 0.0039, Mann-Whitney U test, Fig. 3.2C). This was
also significant with dichotomizing the population into MARCO-high and MARCO-low patients
(p = 0.0016, Fisher Exact test, Fig. 3.2D). We then compared MARCO bulk expression with transcriptomic subtype[26]. Although MARCO is not on the original list of mesenchymal genes[27],
its expression was highly enriched in mesenchymal samples (Fig. 3.2C, p < 0.00001 for all pairwise comparisons between mesenchymal and other subtypes). These bulk transcriptomic results
support our single-cell findings of the enrichment of MARCO in IDH1-wildtype tumors, and also
demonstrate an association of MARCO expression with worse prognosis and the unfavorable mesenchymal subtype.
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Figure 3.2: Bulk MARCO expression in GBM is associated with poor clinical prognosis and
mesenchymal subtype. MARCO expression in TCGA-GBM is associated with poorer overall
survival (A) and disease-free survival (B). (C, D) Bulk MARCO expression also associates with
IDH1-wildtype status. (E) TCGA-GBM expression subtyping shows an enrichment of MARCO
with the mesenchymal subtype.
Single-cell association of MARCO with mesenchymal traits and hypoxia
To uncover the source of this mesenchymal signature, we went back to our single cell expression
data. The mesenchymal expression signature was found primarily in the myeloid population rather
than in tumor cells (p < 0.001, Mann-Whitney U test, Fig. 3.3A, Supplemental Table 3), and
specifically within MARCO-expressing cells (p = 0.005, Supplemental Fig. S6). MARCO mean
expression in macrophage cells also significantly correlated with the mesenchymal signature score
in tumor cells from the same sample (p = 0.0084, Spearman correlation; see Methods; Fig. 3.3B),
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while anticorrelating with the proneural signature (p = 0.047). We then performed gene set enrichment analysis (GSEA) based on the Pearson correlation of all other genes with MARCO expression to understand what processes underlie this subpopulation. Out of the 50 Hallmark gene sets
from MSigDB, the gene sets with the highest enrichment scores among MARCO+ macrophages
were EPITHELIAL MESENCHYMAL TRANSITION, ANGIOGENESIS, GLYCOLYSIS, and
HYPOXIA (FDR q < 0.001 for all four, permutation test on phenotypes with default weighting;
Fig. 3.3C, D). This association with hypoxia is supported by single-cell data from [140], where
samples were taken from the core and periphery of the same four tumors. Macrophages from
the tumor core had higher MARCO expression than those taken from the tumor periphery (p <
0.001; Mann-Whitney U test; Fig. 3.3E). Furthermore, we investigated the expression of MARCO
in Ivy GAP[150], a database with laser-microdissected specimens from different anatomic structures. We found significantly different expression of MARCO in different structures (p = 0.014;
Kruskal-Wallis test, Supplementary Fig. S7), with the highest expression in the perinecrotic zone
within the cellular tumor. These spatially-informed findings support the GSEA characterization of
MARCO+ macrophages as residing in the hypoxic tumor core.
MARCO+ macrophages demonstrate loss of inflammatory pathways and antigen
presentation
Since hypoxia can polarize macrophages toward a pro-tumor phenotype[151], we also investigated
if appropriate antitumoral responses were downregulated within MARCO+ macrophages. Also
via GSEA, we found that the gene sets with the lowest enrichment scores among the Hallmark
set were all pro-inflammatory: INTERFERON ALPHA RESPONSE, INTERFERON GAMMA
RESPONSE, ALLOGRAFT REJECTION and TNFA SIGNALING VIA NFKB (q ≤ 0.001 for
all, Fig. 3.3F). Interestingly, among the eleven individual genes with lowest relative expression
in MARCO+ macrophages, five of them were HLA class II genes (HLA-DRB1, DRA, DQA1,
DPA1, and DPB1), and another was CD74 (MHC class II invariant chain). Accordingly, the GO
gene set ANTIGEN PROCESSING AND PRESENTATION OF PEPTIDE OR POLYSACCHA-
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Figure 3.3: Single-cell characterization of the pro-tumor features of MARCO+ macrophages.
(A) The mesenchymal signature primarily originates from the myeloid population. (B) Singlecell expression analysis from paired macrophages and tumor cells from the same samples. Mean
MARCO expression within macrophages significantly correlates with mesenchymal subtype score
and anti-correlates with proneural subtype score in paired tumor cells. (C) MARCO+ macrophages
demonstrate an enrichment in gene sets related to the epithelial-mesenchymal transition. (D)
The hypoxia pathway is also enriched in MARCO+ macrophages, which corroborates with
their presence in the tumor core (n = 1182) rather than the tumor periphery (n = 607) in 4
pairs of locationally-separated samples in [140] (E). (F) Pathways least expressed by MARCO+
macrophages include interferon-alpha response as well as MHC II antigen presentation (G). (H)
Out of all genes surveyed, MARCO expression is distinctly associated with decreased HLA class
II gene expression.
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RIDE ANTIGEN VIA MHC CLASS II was highly downregulated in MARCO+ macrophages (p
< 0.001, Fig. 3.3G). Similarly, by comparing the differential expression of HLA class II genes in
relation to all 17,496 other assayed genes, MARCO was one of the three most negatively associated (Fig. 3.3H) alongside BNIP3 (an apoptotic Bcl-2 family gene) and VCAN (an extracellular
protein implicated in metastasis[152]). Loss of HLA class II expression in macrophages is generally associated with an anti-inflammatory, inactivated state[153] and has been previously linked
to worse outcomes in melanoma[86] as well as unfavorable tumor profiles in the context of PD1
immunotherapy in GBM[32].
Dynamics of MARCO expression under PD1 immunotherapy
To determine if the anti-inflammatory properties of MARCO+ macrophages play a role in PD1
checkpoint inhibitor therapies, we investigated MARCO expression in a longitudinal cohort of 17
PD1-treated GBM patients[32]. Interestingly, there was a decrease in MARCO between pre- and
post- immunotherapy recurrences (p = 0.02; Mann-Whitney U test; Supplementary Fig. S8A),
but this was solely found within responders (p = 0.02; Fig. 3.4A). A timeline of two representative cases from this cohort shows a responder having a strong decrease in MARCO expression
following immunotherapy, whereas a non-responder had an increase in MARCO expression after
immunotherapy, followed soon after by death (Fig. 3.4B). While this supports the negative role of
MARCO in the long-term following adjuvant therapy, the dynamics may differ in the short-term –
in an orthogonal study of neoadjuvant PD1 therapy in GBM, MARCO was reported as one of the
top increased genes in patients treated with pembrolizumab approximately 2 weeks prior to sample acquisition[62]. Meanwhile, within a longitudinal cohort of 86 patients treated with standard
therapy[14], we found no significant difference in MARCO expression before and after treatment
(p = 0.21, Supplemental Fig. S8B), suggesting that these changes in MARCO are specific to immunotherapy.
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A

B

Figure 3.4: Dynamics of MARCO expression under PD1 immunotherapy. (A) Comparison of
bulk MARCO expression in a longitudinal cohort of GBM patients treated with adjuvant PD1
checkpoint inhibitors following recurrence. Immunotherapy responders showed a decrease in
MARCO expression between pre- and post- immunotherapy recurrences. (B) Timeline of representative examples of a responder (blue) and non-responder (orange) to PD1 immunotherapy.
MARCO expression levels from available samples are plotted concurrently with the disease course.
Each tick on the x-axis represents one month of time.
Recruitment of MARCO+ macrophages from the blood by tumor cells
One important question for the potential targeting of MARCO+ macrophages is where they originate from and how they are recruited to the tumor. Based on gene sets associated with bloodderived macrophages versus resident microglia[105], we found that MARCO+ macrophages more
closely resembled blood-derived macrophages (p < 0.0001; Mann-Whitney U test; Fig. 3.5A, B).
Compared to non-MARCO-expressing myeloid cells, CD163 was among the highest differentially
expressed genes in MARCO+ macrophages (p = 0.0037; exact permutation test), and TMEM119
was among the lowest (p = 0.0055), which are classic markers characterizing macrophages and
microglia, respectively. That said, MARCO appears to define a more specific subpopulation than
solely macrophage-microglial differences (p = 0.004; see Methods, Supplemental Fig. S3B).
To understand the factors that recruited these macrophages, we examined the expression of a
list of 10 genes[154] known to attract and re-program macrophages in GBM. We found a significant positive correlation of MARCO mean expression in macrophage cells with the corresponding
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Figure 3.5: MARCO+ macrophages are recruited from the blood likely via tumor signaling
pathways. (A) Assessment of macrophage versus microglia gene sets reveals that the MARCO+
macrophages population is more similar to blood-recruited macrophages (B). (C) Single-cell expression from paired macrophage-tumor cells from the same samples reveals that mean MARCO
expression within macrophages correlates with the expression score of a chemoattraction signature
in tumors.
normalized expression of these recruitment factors in tumor cells from the same sample (p = 0.008,
Spearman correlation; see Methods; Fig. 3.5C). These results are supported by correlations in bulk
expression data from TCGA-GBM, where MARCO is positively associated with this same signature of recruitment factors (p < 0.001, Spearman; Supplementary Fig. S9).

3.3

Discussion

In this manuscript, we have characterized the role of MARCO as a marker of pro-tumor macrophages
in GBM. In particular, we have found that this MARCO-expressing subpopulation associates with
mesenchymal, hypoxic, and anti-inflammatory traits as well as poor clinical prognosis. The mesenchymal nature of MARCO is supported by the role of MARCO in regulating the epithelialmesenchymal transition outside the context of cancer[146]. Meanwhile, the upregulation of glycolysis and hypoxia gene sets is consistent with the enrichment of MARCO+ macrophages in the
tumor core – which is known to be associated with pro-tumor macrophages[155]. Our finding of
the opposition of MARCO to inflammatory genes and pathways is also seen in mice, where toler-
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ized bone marrow-derived macrophages upregulate MARCO[145]. In fact, the remarkable downregulation of HLA class II genes on MARCO+ macrophages is consistent with murine studies
where MARCO expression is associated with a decrease of antigen internalization capacity[144].
Here, we show that MARCO+ macrophages appear to be recruited from the blood via the
upregulation of a set of factors secreted by tumor cells, including CSF1 and TGF-β. CSF1 expression in tumor cells has been previously shown to be related to higher proportions of TAMs in
GBM[105]. Notably, these TAMs were observed to express the cognate receptor CSF1R, which is
targetable by existing therapeutics[39, 105]. Meanwhile, TGF-β has been experimentally shown
to upregulate MARCO expression in M0 bone-marrow-derived macrophages[147], joining a host
of other studies implicating TGF-β in glioma progression[156, 14]. While these recruitment factors are potential targets, MARCO itself is also a promising target – anti-MARCO therapeutic
antibodies have demonstrated efficacy in mouse melanoma models[147, 157]. As with other immunotherapies, we do not expect monotherapy with anti-MARCO antibodies to markedly improve
outcomes alone. However, including anti-MARCO in combination therapies may prove advantageous. Although MARCO has been previously reported as a pro-tumor TAM marker in non-smallcell lung cancer[148], lung adenocarcinoma[158], and breast cancer[147], and has been associated
with poor prognosis in periampullary adenocarcinoma[149], its role has not been previously reported in GBM. Our findings of the pro-tumor TAM traits associated with MARCO in GBM adds
credence to its importance across cancers.
Finally, although MARCO expression remains unaltered across standard therapy, we found
that its expression changes in the course of anti-PD1 immunotherapy, with responders exhibiting
decreases in MARCO in the long-term following treatment. This result suggests that MARCO+
macrophages may be detrimental to checkpoint immunotherapy, which has been largely unsuccessful in GBM[90]. Simultaneous targeting of MARCO or its associated recruitment factors may
provide a promising opportunity to manipulate macrophage polarization and thereby boost the efficacy of checkpoint inhibitor therapy[159, 160]. Furthermore, there is a critical need for markers
demonstrating response to anti-PD1 therapy. Previously, we had shown that mutations in MAPK
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genes and loss of PTEN predict response to anti-PD1 immunotherapy[32]. However, there is no
current marker of response after treatment with anti-PD1. MARCO may be useful for satisfying
this need, and validation of this in prospective anti-PD1 trials could be beneficial.

3.4

Methods

Study Design and Data Acquisition. Published single-cell RNA-seq count matrices were obtained from a variety of public catalogs[140, 139, 142, 81, 105]. Bulk expression and survival
data were obtained from TCGA-GBM[96] and [14]. Expression subtyping and IDH1 mutation
status for TCGA were acquired from [26]. Gene sets were obtained from MSigDB v6.2[130].
Macrophage versus microglia gene sets were obtained from [105].
Single-cell RNA-seq. The GBM specimens were collected from surgical resections of deidentified patients at Columbia University Irving Medical Center who provided informed consent
to participate in these studies through a protocol approved by the Columbia Institutional Review
Board (IRB-AAAJ6163). Two different methods were used to dissociate the tissue specimens
into single-cell suspensions. PDC001, PJ052, PJ053, PW032-706All and PW032-710All were
dissociated using the method previously published in [105]. PW039-705, PW035-710All, PW016703_All, and PW017-703_All were dissociated into single cells using Adult Brain Dissociation Kit
(Miltenyi Biotec) on a gentleMACS Octo Dissociator with Heaters (Miltenyi Biotec) according to
the manufacturer’s instructions. Single-cell suspensions were applied to an automated microwellbased platform for scRNA-seq library construction as previously described in [105]. scRNA-seq
libraries for PDC001, PW039-705, PW035-710All, PJ052, PJ053, PW016-703_All and PW017703_All were sequenced on an Illumina NextSeq 500 with an 8-base index read, a 21-base read 1
containing cell-identifying barcodes (CBs) and unique molecular identifiers (UMIs), and a 63-base
read 2 containing the transcript sequence. The raw sequencing data were processed as described
in [105] to generate the digital gene expression matrices. scRNA-seq libraries for PW032-706All
and PW032-710All were pooled and sequenced on an Illumina NovaSeq 6000 with an 8-base index
read, a 26-base read 1 containing CBs and UMIs, and a 91-base read 2 containing the transcript
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sequence. The raw sequencing data were first corrected for index swapping to avoid cross-talk
between sample index sequences[161], and then aligned to generate the digital gene expression
matrices as described in [162].
scRNA-seq processing. All datasets were first filtered to remove mitochondrial and ribosomal proteins. Datasets were then merged together (separately for GBM and LGG) keeping the
intersection of genes, with genes with zero total counts being discarded. Raw counts were then
normalized to log2 (1 + TPK), as described in [105]. The intersection of expressed genes with
LM22 from CIBERSORT[68] was used as a filtered list to reduce batch effect. For visualization: first Principal Components Analysis (PCA) was applied to reduce the total dimensionality to
5% of the number of genes, then Uniform Manifold Approximation and Projection (UMAP)[163]
with default parameters to non-linearly reduce that into a two-dimensional embedding. Three cell
types were readily identified using the standard markers of CD14, CD3, and SOX2 for myeloid,
T lymphocytes, and tumor cells[105], respectively. The myeloid cells were isolated, and the same
dimensionality reduction procedure described above was used to generate an embedding for the
myeloid population. The embedding of the myeloid population was separated through k-means
clustering. Silhouette scores were calculated from k = 2 to k = 6, with k = 2 providing the
highest silhouette score. This filtered list was used to assess the top-enriched genes characterizing
each of these two myeloid clusters.
Survival analysis. TCGA-GBM U133 microarray data and pre-treatment expression data from
[14] were used to determine expression of MARCO. Each cohort was first log- and Z-score normalized independently before being combined. These normalized values were merged with survival
data, including overall and disease free survival. Survival differences were assessed in two ways:
1) dichotomizing MARCO expression across the median into MARCO-high and MARCO-low,
then comparing the survival curves with the log-rank test, and 2) generating a univariable Cox
model directly based on the expression of MARCO, and taking the Wald p-value of the MARCO
covariate. In Fig. 3.2A,B, we only used cases that were known to be IDH1-wildtype.
Expression subtype score. The single-cell subtype score method from [141] was used to

52

calculate the signature score of each Verhaak expression type[27]. This same method was used
to access the macrophage versus microglial signatures from [105] as well as for assessing the
combined score of the tumor-macrophage cross-talk genes.
Gene set enrichment analysis. GSEA was performed with the official client v4.0.1 for Linux[164,
130]. The normalized gene expression of all myeloid cells was used as the input data, with
MARCO expression as the phenotype label, and Pearson correlation as the metric for ranking
genes. Default weighting (p = 1) was used. Phenotype permutation with 1000 iterations was used
to calculate p-values, and the final gene sets were ranked by enrichment score.
Tumor-macrophage cross-talk. Mean normalized expression of MARCO within the myeloid
population was calculated for each GBM, and compared to a selected list of recruitment factors[154] within the tumor population of those same samples: CSF1 (macrophage colony stimulating factor), CSF2 (granulocyte/macrophage colony stimulating factor), HGF (hepatocyte growth
factor), MCP-1 (monocyte chemotactic protein 1), MIF (macrophage inhibitory factor), SDF-1
(stromal-derived factor 1), TGF-β (transforming growth factor β, including TGFB1, 2, and 3), IL10 (interleukin 10), SPP1 (osteopontin), and MFGE8 (lactadherin). An expression subtype score
was calculated using this gene set and averaged across the tumor cells from each case. This score
was then compared to MARCO expression in the corresponding myeloid population via Spearman correlation. The same procedure was used to assess the correlation of MARCO expression in
myeloid cells with expression subtype scores in paired tumor cells.
Dispersion analysis. To quantify the utility of MARCO as a marker compared to conventional
myeloid, macrophage, and microglia markers, we assessed the normalized dispersion coefficient of
each gene. We used the highly_variable_genes function in SCANPY[165] with default parameters
and batch correction. We determined p-values with the exact permutation test.
Statistical analysis. All statistical analyses were conducted in Python 3.6. Violin plots use
the Gaussian kernel to estimate densities, and the center lines represent the median. The twosided Mann-Whitney U test was used throughout to nonparametrically compare two populations.
P-values were adjusted for multiple comparisons using the Benjamini-Hochberg (FDR) procedure,
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and statistical significance was assessed at an adjusted p-value threshold of 0.05.
Data availability. All novel sequencing data have been deposited in the Gene Expression
Omnibus under accession number GSE141383. Processed data and basic association analyses will
be made available upon request.
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Chapter 4
Linking transcriptomic and imaging data defines features of a
favorable tumor immune microenvironment and identifies a
combination biomarker for primary melanoma
Cancer Research, 80(5), 1078–1087 (2020)

4.1

Introduction

Melanoma is the most aggressive and lethal form of skin cancer.[166] Even when completely
surgically resected, tumors less than 5 millimeters in thickness are commonly lethal due to tumor
seeding into the lymphatics and systemic circulation.[167, 168] Once metastatic disease develops,
survival rates range from 20% to 40% at 5 years with state-of-the-art immunotherapy.[169, 170]
While these rates are disappointing, they represent a vast improvement over survival rates at 5
years prior to immunotherapy which were under 5%.[171] Today, immunotherapy is given as the
standard of care to virtually all patients diagnosed with metastatic melanoma.[172, 173, 174]
Early stage melanoma presents a more difficult clinical management challenge because the side
effects of treatment are less justifiable in the absence of high risk of death. Under 5% of patients
with stage I melanoma will die of disease, while 10-year survival rates range from 88% to 75% for
stage II disease and from 88% to 24% for stage III disease.[167] Prediction of recurrence would
thus greatly facilitate management of early stage disease.
Melanoma is an immunogenic tumor, and interactions between tumor cells and the tumor imMaterial in this chapter is published wholly or in part in [87] by Robyn D. Gartrell-Corrado†, Andrew X. Chen†,
Emanuelle M. Rizk, Douglas K. Marks, Margaret H. Bogardus, Thomas D. Hart, Andrew M. Silverman, ClaireAudrey Y. Bayan, Grace G. Finkel, Luke W. Barker, Kimberly M. Komatsubara, Richard D. Carvajal, Basil A. Horst,
Rui Chang, Anthea Monod, Raul Rabadan, and Yvonne M. Saenger*
†Equal author contributions. *Corresponding author.
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mune microenvironment (TIME) lead to tumor-driven modulation of immune response.[175] It
has been hypothesized that the immune system is a key determinant of melanoma recurrence and
metastasis. Tumor-infiltrating lymphocytes (TILs) have been studied extensively and shown to
have positive prognostic value in melanoma.[176, 177, 178] However, TILs are not currently included in the American Joint Committee on Cancer (AJCC) staging system for melanoma, and
their utility is limited by a lack of phenotypic, functional, and precise locational information.[179,
175] Further, tumor-associated macrophages (TAMs) within the TIME have been shown to correlate with poor prognosis and survival in melanoma and many other cancers.[180, 181] Thus,
understanding the melanoma TIME is crucial for both the development of new therapeutic interventions, as well as for stratification of patients for adjuvant therapy.
In previous work, we defined and validated in two independent cohorts a 53-immune gene
melanoma immune profile (MIP) predictive of non-progression using nanoString transcriptomic
analysis.[182, 183] MIP allows for stratification of patients with stage II-III melanoma into recurrence risk groups. Adding to this work, we utilized quantitative multiplex immunofluorescence
(qmIF) to analyze the tumor microenvironment in patients with stage II-III melanoma and found
that a high density of cytotoxic lymphocytes (CTLs) and a low density of macrophages in the
stroma correlates with improved survival. Furthermore, we found that the distance between CTLs
and macrophages is associated with poor survival,[86] highlighting the importance of both the
composition and spatial localization of cells within the melanoma TIME.
We now expand our analysis of the TIME of primary stage II-III melanoma by combining
nanoString and qmIF data. Using advanced statistical techniques, we analyze the clustering, cellular composition, and marker proteins of both primary and metastatic melanomas. In particular, to
quantify the degree of spatial proximity among immune and tumor cells, we assess clustering using the pair correlation function (PCF). This technique was originally used in statistical physics to
model particle interactions[184] and we recently adapted it to study differences in spatial structures
in immunofluorescence imaging of glioblastomas.[32] The PCF computes the average number of
pairs of two given cell types separated by a given distance (normalized by the number expected
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if all cells were randomly positioned), giving a robust, quantitative metric of spatial interactions.
This more detailed characterization may serve to guide the development of targeted and immune
therapies for melanoma.

4.2

Results

QmIF analysis reveals distinct phenotypes of metastatic melanoma, primary melanoma
tumors that did recur, and primary melanoma tumors that never recurred
First, we evaluated the Mantra cohort for distant metastatic recurrence using the 52 patients with
known recurrence status and found that, in addition to correlating with DSS and OS, as previously
published, the CD8/CD68 ratio is also predictive of recurrence (n=52, AUC=0.684, p=0.0350 by
Mann-Whitney U test, Supplemental Figure S1). Next, we applied qmIF to compare density of
immune phenotypes in samples of primary (P) melanoma (stage II-III, Mantra cohort) to those
with metastatic (M) lesions. We determined the proportions of tumor, macrophage, CD8+ T cells,
and CD8- T cell as a fraction of the total number of cells as identified by DAPI in each sample,
and concatenated these proportions with HLA-DR and Ki67 expression (Figure 4.1A). We further
quantified and compared the densities of CD8+ T cells, macrophages, total immune cells (sum of
CD3+ T cells plus CD68+ macrophages), and CD8/CD68 ratios in primary (P) and metastatic (M)
patients (Figure 4.1B). As a whole, there was a greater proportion of immune cells in P samples
compared to M samples (p = 0.0017, Mann-Whitney U test, Figure 4.1B), with specifically more
CTLs in primary samples (p = 1.8e-6). Next, we separated the primary melanoma cohort into
non-recurrent (NR, n=36) and recurrent (R, n=16) patients, finding that NR samples had a higher
CD8/CD68 ratio relative to R patients (p = 0.024). Interestingly, there was no significant difference
between the R and M samples (p = 0.52) (Figure 4.1B).
In further analysis we evaluated nuclear size by comparing nuclear areas and found that tumor
cells in M samples had larger nuclear areas compared to their P counterparts (p < 0.001, MannWhitney U test, Figure 4.1C). This held true both for Ki67- and Ki67+ subpopulations. However,
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there were no significant differences in the sizes of the nuclei of CTLs between the cohorts (Figure
4.1C).

Figure 4.1: Comparison of cellular proportions and morphologies in primary and metastatic
melanoma. (A) All identified cells within the primary Mantra (n = 104) and metastatic (n = 14)
cohorts, phenotyped via inForm. HLA-DR and Ki67 statuses are displayed, and proportions of
phenotyped immune cells as a proportion of total cells as identified by DAPI are visualized in
the smaller pies. The primary cohort is further distinguished into patients who were known to
have recurrence (R, n = 16) or non-recurrence (NR, n = 36). (B) Comparison of cell proportions
within the stromal compartments of tissue images, comparing all primary samples (P), known nonrecurrent primaries (NR), recurrent primaries (R), and metastatic cases (M). “Total Immune” refers
to the sum of all immune cells (CD3+ T cells and CD68+ macrophages), while CD8/CD68 ratio
is the CD8+ T Cell (CTL) count divided by the CD68+ macrophage count. (C) Comparison of the
sizes of nuclei within tumor Ki67-, tumor Ki67+, and CD8+ T cell populations between P, NR, R,
and M patients. Statistical analyses performed using Mann-Whitney U test. ***, p < 0.001; **, p
< 0.01; *, p < 0.05; n.s., p ≥ 0.05. Labels: all primary samples (P), known non-recurrent primaries
(NR), recurrent primaries (R), and metastatic cases (M).
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Clinical characteristics
Gender, n (%)
Male
Female
Age
Median, n (range)
Location of tumor, n (%)
Trunk
Extremity
Unknown
Stage, n (%)
II
III
Pathologic characteristics
Depth (mm)
Median, n (range)
Ulceration, n (%)
Absent
Present
Unknown
TILs, n (%)
Absent
Non-brisk
Brisk
Unknown
Outcome characteristics
Patient follow-up (months)
Median, n (range)
Systemic recurrence, n (%)
Known recurrence
No recurrence
Unknown
OS (months), n (%)
Alive (at least 2 years)
Dead
DSS (months), n (%)
Alive or NED at death
Dead with melanoma
Unknown

MANTRA
(n = 104)

MIP
(n = 81)

Combination
(n = 53)

75 (72.1)
29 (27.9)

62 (76.5)
19 (23.5)

40 (75.5)
13 (24.5)

74.5 (22-96)

67 (22-96)

68 (22-96)

61 (58.7)
41 (39.4)
2 (1.9)

48 (59.3)
32 (39.5)
1 (1.2)

30 (56.6)
22 (41.5)
1 (1.9)

91 (87.5)
13 (12.5)

63 (77.8)
15 (18.5)

42 (72.9)
11 (20.8)

2.5 (0.6-26)

2.7 (0.7-26)

2.7 (0.7-11.4)

36 (34.6)
65 (62.5)
3 (2.9)

32 (39.5)
45 (55.6)
4 (4.9)

19 (35.8)
32 (60.4)
2 (3.8)

2 (1.9)
59 (56.8)
33 (31.7)
10 (9.6)

3 (3.7)
50 (61.7)
22 (27.2)
6 (7.4)

1 (1.9)
33 (62.3)
15 (28.3)
4 (7.5)

45 (4-173)

58 (5-187)

62 (5-173)

16 (15.4)
36 (34.6)
52 (50)

24 (29.6)
50 (61.7)
7 (8.6)

16 (30.2)
32 (60.4)
5 (9.4)

31 (29.8)
73 (70.2)

50 (61.7)
31 (38.3)

28 (52.8)
25 (47.2)

42 (40.4)
22 (21.2)
40 (38.4)

62 (76.5)
19 (23.5)
0 (0)

39 (73.6)
14 (26.4)
0 (0)

Table 4.1: Patient characteristics of the MANTRA, MIP, and Combination cohorts. The 104 patient
samples in the Mantra cohort were analyzed using quantitative multiplex immunofluorescence (qmIF) on
Mantra and the 81 patients samples in the Melanoma Immune Profile (MIP) cohort were analyzed using
nanoString. The patients who overlap between the MANTRA and the MIP cohorts make up the Combination
cohort (n=53). Abbreviations: DSS, disease-specific survival; NED, no evidence of disease; OS, overall
survival; MIP, Melanoma Immune Profile
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qmIF density analysis of immune cell phenotypes correlates with gene expression data
As a second element of our composite analysis of the TIME, we aimed to evaluate an interferon
signature in our tumor samples from the 74 patients with known recurrence status in the MIP
cohort while including 11 additional interferon-related genes for comparison. This was done for
the purpose of correlating the gene expression data with qmIF data. We profiled RNA expression
across 64 immune-related genes (53 genes from MIP and 11 additional interferon-related genes)
and found that expression was associated with recurrence status using hierarchical clustering (p
= 0.049, Fisher Exact test, Figure 4.2A). To identify the cellular source of this association, we
assessed the degree of similarity between the transcriptomic signatures in our samples and the
CIBERSORT cell reference signatures.[68] In evaluation of the signatures for macrophages of M1
and M2 polarity, we found that R patients had a decreased M1 signature (p = 0.042, Figure 4.2B
top left) but an increased M2 signature (p = 0.048, Figure 4.2B, top right) compared to NR patients.
We then compared the CIBERSORT signatures with findings from qmIF. We found that the CD8
T cell signature correlated with the proportion of CTLs in qmIF (p = 0.010 Figure 4.2B, bottom
left) while the M1 signature correlated with density of HLA-DR+ macrophages (p = 0.022, bottom
right).
Next, we evaluated differential expression of the 64 genes and found that nearly all genes were
increased in patients who did not die of melanoma (Figure 4.2C). After filtering for genes that
were both significant following Benjamini-Hochberg (BH) correction and also had greater than
+1.0 log2-fold change in differential expression, we identified 9 genes, all of which are part of MIP
(Table 4.2). We also found that the top 9 genes do not overlap with the 11 additional interferonrelated genes and further that these 11 genes did not improve prediction accuracy. Lastly, we
evaluated the correlation of these 9 genes with stromal density of CD3, CD3+CD8+, and CD68+,
as well as the ratio of CD8/CD68 (Table 4.2). We found that CD3+ cells in the stroma correlated
with CXCL9, CD8A, CXCR3, CXCL11, CCL5 and CD2 while CD3+CD8+ cells in the stroma
correlated with the same genes minus CD2. Stromal CD68 cells and the CD8/CD68 ratio had no
correlation with the top 9 genes from MIP.
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Figure 4.2: Expression profiles of 64 immune-related genes. (A) Hierarchical clustering of (logtransformed) gene expression values across the 74 patients with known recurrence status from the
MIP cohort, with relative levels of mRNA expression in each row and different patient samples
in each column. Yellow indicates higher expression and blue indicates lower expression of each
gene. Recurrence status of each patient is displayed in the top horizontal bar (recurrent patients
are labeled in red; non-recurrent patients are labeled in grey). (B, top) Similarity of the expression profiles with CIBERSORT reference values was assessed to compare M1 (top left) and M2
(top right) macrophage signatures in non-recurrent and recurrent patients (p = 0.042 and 0.048,
respectively). (B, bottom) Correlation plots for comparison of transcriptional similarity to CIBERSORT profiles (x-axis) with observed cellular compositions (y-axis). (C) Volcano plot of mRNA
differential expression for all 64 genes. Genes to the right are higher in patients who did not die
of melanoma. Statistical comparison in (A) performed using Mann-Whitney U test. Spearman
correlation p-values in (B) evaluated using Fisher transformation. Differential expression in (C)
evaluated using Benjamini-Hochberg (BH) correction.
Combining MIP and CD8/CD68 improves prediction of DSS
Given that genes from MIP did not directly correlate with the CD8/CD68 ratio, we chose to combine these two biomarkers to substratify the patients. We evaluated the ability of the combination
of MIP and the CD8/CD68 ratio to predict DSS using the 53-patient Combination cohort (Table
4.1). We stratified patients into high, medium, and low-risk groups using their categorization as
high or low risk in each of the data sets based on our previously published criteria.[86, 182] Highrisk patients had poor MIP and CD8/CD68 profiles; medium-risk patients had a poor MIP profile and a favorable CD8/CD68 profile; and low-risk patients had favorable MIP and CD8/CD68
profiles. We found that combining MIP and the CD8/CD68 ratio effectively distinguished lowand medium-risk patients from high-risk patients (p=0.003; HR 7.53 (95% CI: 1.98-28.74) and
p=0.026; HR: 3.51 (95% CI: 1.16-10.61), respectively, Figure 4.3 and Supplemental Table ST4).
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Gene

Differential expression
Fold Change BH p value

PTPRC
CCL5
CD2
CD27
CXCL9
CD8A
CXCR3
CXCL11
LCK

1.07
1.19
1.05
1.21
1.56
1.26
1.11
1.39
1.14

0.0399
0.0399
0.0399
0.04
0.0459
0.0459
0.0459
0.0459
0.0459

CD8/CD68
Stroma
0.05
0.21
0.07
0.04
0.19
0.16
0.19
0.2
-0.03

Correlation with Density
CD3+CD8+ CD68+
Stroma
Stroma
0.17
0.12
0.36
0.03
0.24
0.14
0.2
0.16
0.33
0.04
0.35
0.11
0.36
0.06
0.38
0.05
0.12
0.21

CD3+
Stroma
0.3
0.41
0.36
0.31
0.45
0.39
0.4
0.42
0.24

Table 4.2: Top genes from MIP. Top 9 immune genes that are significantly increased in patients
with good DSS after Benjamini-Hochberg correction and correlation of these genes with qmIF data
for stromal density of CD3, CD3+CD8+, and CD68+ as well as ratio of CD8/CD68. Values in bold
are different from 0 with a significance level alpha=0.05 using Benjamini-Hochberg correction.
Additionally, by creating a medium risk group we found that the combination biomarker improves
on the previous biomarkers, MIP and CD8/CD68 ratio, individually (p=0.030, HR:3.84 (95% CI:
1.14-12.96) and p=0.044, HR: 3.04 (95% CI: 1.03-8.99), respectively) (Supplemental Table ST4).
Finally, we found using univariable Cox analysis in medium- and high-risk patients (n=42) that
the high-risk combination biomarker specifies poor prognosis (p=0.035, HR: 3.29 (95% CI: 1.099.96)), whereas standard predictors of prognosis were not found to be significant (Supplemental
Table ST5).
Clustering of tumor cells with CD8+T cells and HLA-DR+ macrophages is associated with
non-recurrence
Next we extended the spatial analysis of qmIF by using PCF. We found that CD8+ T cells clustered
more strongly with tumor cells in the non-recurrent samples compared to recurrent samples (p =
0.0086, Mann-Whitney U test, Figure 4.4). This effect was similar when comparing the clustering
of tumor cells with HLA-DR+ macrophages (p = 0.016), but not with HLA-DR- macrophages.
We next sought to compare the AUCs of these PCFs against gene expression, finding significant positive correlations between the tumor-CTL clustering with CXCL11 (p = 0.016, Spearman
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Figure 4.3: Combination of MIP and CD8/CD68 ratio predicts DSS. (A) KM curve for disease
specific survival (DSS) after patients stratified into high-risk (low MIP + low CD8/CD68 ratio),
medium-risk (low MIP + high CD8/CD68 ratio), and low-risk (high MIP + high CD8/CD68 ratio),
groups. Log-rank (Mantel-Cox) test used to compare low- and medium-risk patients (p=0.1228),
low- to high-risk (p=0.0031) and medium- to high-risk (p=0.0258). Multiplex images stained for
DAPI (nuclei, blue), SOX10 (tumor, red), CD3 (T cells, cyan), CD8 (CTLs, magenta), CD68
(Macrophages, green), Ki67 (proliferation marker, yellow), HLA-DR (activation marker, orange)
in (B) patients in low-risk combination group, (C) patients in medium-risk combination group, and
(D) patients in high-risk combination group.
correlation, Bonferroni correction) and MFGE8 (p = 0.036), and between the tumor-macrophage
clustering with TAP2 (p = 0.035) (Supplemental Figure S2).
Further phenotyping of HLA-DR- macrophages identifies this population as a predictor of
an unfavorable TIME and immune suppression
Having previously found that high density of HLA-DR- macrophages predicts poor DSS,[86]
we next investigated the properties of these macrophage subpopulations. We performed addi-
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Figure 4.4: Pair correlation functions (PCF) reveal differences in clustering between tumor
and immune cells. (A) Non-recurrent patients have higher degrees of clustering between tumor
cells and CTLs as well as with HLA-DR+ macrophages. Shaded regions indicate 95% confidence
intervals of the median PCF obtained via bootstrapping. (B) Representative false-color images
with the 3 lowest and 3 highest PCF values for each of the Tumor-CTL and Tumor Macrophage
interactions. To the right of each image is a rendition of its cell segmentation, depicting Tumor
(Red), CTL (Blue), Macrophage (Green), and Other (Gray). Statistical analysis performed using
Mann-Whitney U test on PCF areas under the curve (AUC).
tional staining for CD68, HLA-DR, CD163, CSF1R, MHC1, and CD33 over a total of 5519
CD68+ macrophages identified across the 13 patients in the macrophage survey sub-cohort (Figure
4.5A). We visualized the concatenation of each of these markers using pie charts comparing HLADR- and HLA-DR+ macrophages (Figure 4.5B). We next visualized this data using T-distributed
stochastic neighbor embedding (tSNE) to compare the expression of these markers on HLA-DRand HLA-DR+ macrophages. HLA-DR expression was largely independent of CD163 (p=0.797,
Figure 4.5C). However, HLA-DR expression was correlated with MHC1 expression (p = 1.4e64

102, odds ratio 3.4, Chi-squared test), whereas lack of HLA-DR expression was correlated with
CD33 expression (p = 1.7e-53, odds ratio 0.22, Figure 4.5C). To further study the cells expressing CSF1R and CD33, we evaluated the concatenation of CSF1R and CD33 with CD163, finding
that HLA-DR- cells were more likely to also be CD163+CSF1R+ compared to HLA-DR+ cells
(p<0.001, Figure 4.5C). Further, in comparison to HLA-DR+ cells, HLA-DR- cells were also
more frequently CD163+CD33+ (p<0.001, Figure 4.5C).
In addition to qmIF analysis, we further evaluated 8 primary melanoma cases using Digital
Spatial Profiling (DSP). We found that the Regions of Interest (ROIs) from patients with higher
stromal density of HLA-DR- macrophages had a lower immune infiltration overall as assessed by
quantitation of CD45 per ROI (p<0.0001, Figure 4.5D). Additionally, CD3 per ROI was higher in
patients with lower stromal density of HLA-DR- macrophages (p<0.0001, Figure 4.5D). Interestingly, patients with higher density of HLA-DR- macrophages also had a significantly higher ratio
of CD4 to CD45 (p<0.0001), but a similar CD8A to CD45 ratio (Supplemental Figure S3). PD-L1
and PD1 levels per CD45 were significantly higher in patients with higher HLA-DR- macrophage
density (p<0.0001 and p=0.0002, respectively, Figure 4.5D).

4.3

Discussion

Innovations in digital pathology methods allow for quantitation of cell phenotypes and reproducible characterization of morphologic and genomic features, and provide new tools for clinical pathology.[185, 86, 182, 186] These analyses enhance personalized medicine and allow for
rapid development and implementation of new digital pathology-based biomarkers. Here we show
that nuclear area and cellular clustering correlate with clinical features and propose a biomarker
combining transcriptomic and qmIF data.
Current pathology methods such as TIL evaluation and tumor grading correlate with clinical
outcome in melanoma, but are generally qualitative and therefore difficult to standardize.[176, 179,
167] In previous work, we quantitatively evaluated density and spatial relationships of immune
infiltrates in primary melanoma specimens using qmIF, finding that the ratio of CD8 to CD68 can
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Figure 4.5: Investigation of macrophage subpopulations. (A) Multiplex image of melanoma
stained using qmIF for DAPI (blue), CD68 (green), HLA-DR (orange), CSF1R (red), CD163
(cyan), MHCI (magenta), and CD33 (yellow). (B) Macrophages were profiled for HLA-DR,
CSF1R, CD33, MHC1, and CD163 expression in qmIF images obtained from 17 patients in
the macrophage survey sub-cohort of primary melanomas. The pie charts assess the distribution
of each marker within HLA-DR- and HLA-DR+ macrophage subpopulations. (C) T-distributed
stochastic neighbor embedding (tSNE) was used to visually cluster macrophages based on the intensity values of all 5 profiled markers. Displayed are the subsets of this embedding that are HLADR- and HLA-DR+, and co-expression of each marker with HLA-DR is compared on the right.
(D) Digital Spatial Profiling (DSP) analysis in 8 patients with primary melanoma from the DSP
cohort. Displayed are plots showing CD45 and CD3 per region of interest (ROI) (top) and PD1
and PDL1 per CD45 comparing patients with high and low density of HLA-DR- macrophages.
Statistical analysis performed using Chi squared test (C) or Mann-Whitney U test (D). ***, p <
0.001; **, p < 0.01; *, p < 0.05; n.s., p ≥ 0.05.
be used as a biomarker for DSS and OS in stage II-III primary melanoma.[86] In the current work
we find that the CD8 to CD68 ratio also predicts recurrence in primary early stage melanoma.
Further, we evaluate the same qmIF panel in metastatic cases and find that the CD8 to CD68 ratio
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in metastatic lesions (M) is similar to that in primary melanomas that distantly recur (R). Both M
and R have a lower CD8 to CD68 ratio than non-recurrent primary melanomas (NR). This suggests
that the TIME in primary melanomas with high metastatic potential is similar to that in metastatic
lesions. These findings build on prior work showing that the ratio of CD8 to CD68 has potential as
a favorable prognostic feature in primary melanoma tumors.[86] Phenotyping both lymphocytes
and myeloid cells within the TIME can improve upon quantitation of lymphocyte populations
alone.[187]
More precise phenotyping of immune cells and correlation of these findings with clinical features will likely lead to the development of more accurate biomarkers. Myeloid cells that are
CD68+ are predominately macrophages and have been shown to be an unfavorable feature in several tumor types.[188] Macrophage populations, however, are notoriously diverse and can exert
both pro-tumorigenic and pro-immune functions.[189, 190] Previously, we distinguished HLADR- macrophages from HLA-DR+ macrophages as indicative of a poor prognosis.[86] HLA-DR
expression indicates an activated state and is broadly associated with an M1, pro-immune, phenotype.[191, 192] Here, we further characterize the HLA-DR- population as containing suppressive
populations expressing CD163 and CSF1R. These findings suggest that CD68+HLA-DR- cells
are suppressive, consistent with our hypothesis that these cells exert a pro-tumorigenic effect. As
a future research direction, we hope to further explore the three-cell interaction between these
macrophages, T cells, and tumor cells.
QmIF allows not only for calculation of the density of different immune cell phenotypes but
also analysis of cell size and distances between cells.[193, 194, 85] First, we compare nuclear size
in NR, R, and M lesions. Interestingly, we find that nuclei in metastatic lesions are larger than in
primary lesions regardless of expression of the proliferation marker, Ki67. However, the size of
the nuclei in primary lesions is similar regardless of recurrence status. From a clinical pathology
perspective, findings suggest that in the absence of an epidermal component, increased nuclear size
may favor a melanoma metastasis. However, larger studies are needed.
Distance between cells can be used to define spatial relationships of immune cells with tu-
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mor cells.[195] Previously, we found that simple nearest neighbor distance of CD8+ T cells to
CD68+HLA-DR- macrophages predicted poor prognosis.[86] Here we further evaluate T cells and
macrophages using clustering algorithms and find that even after accounting for variations in cell
density there are patterns of positioning among immune and tumor cells that are related to prognosis. Specifically, clustering of tumor cells with CD8+ T cells correlates with non-recurrence.
Additionally, although our prior study found that density of HLA-DR+ macrophages alone did
not predict prognosis, we find that clustering of HLA-DR+ macrophages with tumor cells correlates with non-recurrence. The importance of spatial proximity of immune cells to each other
and to tumor cells implies a mechanism by which their infiltration affects disease progression.
These findings are consistent with the hypothesis that immune surveillance is operative in primary
melanoma tumors and that proximity of tumor cells to immune cells of defined phenotypes impacts
melanoma progression. Spatial location of cells may be impacted by local hypoxia or other features and future studies will be useful to further explore metabolic mechanisms underlying spatial
distributions of immune cells within melanoma and other cancers.[196, 197]
In addition to our qmIF analysis, we also previously defined and validated a transcriptomic
53 immune gene panel, MIP, predictive of recurrence in the same cohort of primary stage II-III
melanoma patients.[182, 183] Here, we evaluate transcriptomic profiling in addition to qmIF immune phenotyping and find consistency between the defined cell density and immune gene signatures. Interestingly, we find that density of CD8+ T cells and HLA-DR+ macrophages correlates
with defined CIBERSORT signatures[68] for CD8 T cells and M1 macrophages, respectively.
Further, combining the CD8 to CD68 ratio with MIP allows for development of a composite
biomarker that quantitatively assesses the entire specimen. This composite biomarker identifies
three separate risk groups, most importantly a high risk population that may benefit from adjuvant
studies of combination immunotherapies. Patient stratification is urgently needed in early stage
melanoma because current protocols support treatment of all stage III patients despite the fact that
5 year survival is 83% in stage IIIB patients and 93% in stage IIIA patients. Meanwhile, survival
rates in stage II populations are also generally favorable, ranging from 82% to 94%. Nonetheless

68

melanoma, when it recurs is devastating. Therefore identifying high risk groups would facilitate application of combination immunotherapy in the adjuvant setting by allowing stratification
for clinical trials. In addition, there is data to suggest that a favorable tumor immune microenvironment predisposes to response to PD-1 blockade.[198] Therefore patients at intermediate
risk might be more likely to respond to therapy both in the adjuvant setting and at recurrence while
low risk patients could avoid immunotherapy entirely. Thus, our composite biomarker findings,
while exploratory and based on small populations, suggests that further work to quantitatively
characterize and correlate phenotypic and genomic features of the TIME using FFPE tissues is
likely to improve personalized care of patients with early-stage melanoma.

4.4

Methods

Patients and samples. This study was approved by Columbia University Irving Medical Center’s (CUIMC) Institutional Review Board. A database of patients with stage II-III melanoma
at CUIMC was retrospectively created and analyzed using qmIF on Mantra and RNA expression
using nanoString for MIP (Table 4.1, Mantra: n=104 and MIP: n=78).[86, 182] In order to correlate the results of qmIF with RNA expression, we analyzed the patients who overlap between the
Mantra and the MIP cohorts (Table 4.1, Combination: n=53). Further, a sub-cohort of 13 patients
from the Mantra cohort, named the Macrophage Survey sub-cohort, was selected based on high
density of CD68+HLA-DR- macrophages for additional phenotypic characterization. Finally, a
database of patients with metastatic melanoma at CUIMC was created by screening the records
of 86 patients with metastatic melanoma, of whom 57 were excluded due to lack of availability of solid tumor samples prior to immunotherapy treatment or insufficient clinical information.
Tissue was requested for the 29 patients remaining, then slides were cut and reviewed with a dermatopathologist. A total of 9 patients were excluded at this stage due to lack of sufficient tumor or
scattered tumor in the lymph node. The remaining 20 patients were stained for inForm analysis.
6 of these patients were excluded due to poor staining quality or tissue destruction, leaving a final
total of 14 patients analyzable on inForm.
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qmIF acquisition. QmIF imaging was obtained from 104 stage II-III primary melanomas
from CUIMC in the Mantra cohort (Table 4.1).[86] 5-µm full section slides were stained using
Opal qmIF for DAPI, CD3 (T lymphocytes; clone LN10; Leica; 1:200 dilution), CD8 (cytotoxic T
lymphocytes, or CTLs; clone 4B11; Leica; ready to use: RTU), CD68 (macrophages; clone KP1;
Biogenex; RTU), SOX10 (tumor; clone BC34; Biocare; 1:300), HLA-DR (antigen presentation
and activation; clone LN-3; Abcam; 1:200 dilution), and Ki67 (proliferation; clone MIB1; Abcam;
RTU). H&E slides were reviewed by a dermatopathologist to determine representative areas for
multispectral image capture at 20x magnification using Mantra. Regions of interest (ROIs) were
approximately 700x520 microns. Multispectral images were then analyzed using inForm software and inForm data from each patient was processed in separate software designed in RStudio
(version 0.99.896; https://github.com/thmshrt/transform_essential). In this software, images were
combined and analyzed to concatenate variables and determine density and distance of distinct
phenotypes. Statistical analyses were then completed on GraphPad Prism, R Version 3.3.1, and
Python 3.5. For visualization, intensity values of each of the 5 macrophage markers were first
normalized to have a standard deviation of 1. These continuous values were processed with tSNE
(perplexity = 30), a dimensionality reduction technique that places cells with similar marker profiles close to each other.[199] Binarized (+/-) expression (derived with thresholds using inForm)
for each marker was then plotted onto the tSNE figures. Co-expression of markers with HLA-DR
was assessed with the Chi squared test. In addition, the macrophage survey sub-cohort (n=13) was
stained for DAPI, CD68, HLA-DR, CSF1R (inflammation; clone SP211; LifeSpan Biosciences;
1:750 dilution), CD163 (M2 macrophages; clone 10D6; BioCare Medical; 1:300 dilution), CD33
(myeloid-derived suppressor cells, or MDSCs; clone PWS44; Leica; RTU) and MHC-I (antigen
presentation; clone MEM-E/07; ThermoFisher; 1:400 dilution) and analyzed in the same way as
above.
Spatial clustering analysis. To assess clustering in qmIF images, PCFs were computed using
the spatstat R package.[200] This method compares the observed probability of two cell types
being separated by a given distance to that expected by chance. A higher value for PCF indicates a
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greater degree of clustering at that radius, and the area under the curve (AUC) of the function can be
used as an overall statistic of clustering. Inhomogeneous cross PCFs were calculated up to a radius
of 50 microns, provided that there was a minimum of 10 immune cells in the image. One sample
was excluded for lack of tumor cells. The isotropic edge correction and a normalization power of
2 were applied. The AUC for each PCF was computed as a summary statistic for quantifying the
degree of clustering, and was compared across recurrence status with the Mann-Whitney U test.
The PCFs are graphically displayed by the point-wise median across samples, with shaded 95%
confidence intervals obtained via bootstrapping.
nanoString acquisition. For each of the 78 patients in the MIP cohort (Table 4.1, MIP),
formalin-fixed paraffin-embedded (FFPE) blocks were cut in 10-µm sections to provide 250 mm2
of tissue. RNA extraction was performed and RNA was processed using a nanoString assay, which
measures expression of 64 target genes (MIP (53 genes) plus 11 interferon-related and 17 housekeeping genes).[201] Following hybridization and purification of target-probe complexes, digital
counts for each gene-specific target RNA were acquired on the nCounter detection analyzer and
normalized in nSolver software (nanoString). MIP was computed for each patient in this cohort
using the original signature’s gene coefficients, then was correlated with disease-specific survival
(DSS).[182, 183]
Transcriptomic Analysis. We assessed the similarity of each sample’s gene expression profile
to the cellular subtype signatures from LM22, the reference standard for CIBERSORT.[68] A
total of 20 genes overlapped between the nanoString panel and LM22, which was a not sufficient
number of genes to deconvolute with the CIBERSORT algorithm.[68] Instead, we calculated the
cosine similarity of the samples with each of the 22 cell types from LM22, thereby assessing the
extent (from -1 to 1) that the matching genes from each sample resemble each cell type. For the
creation of the heat map, raw gene expression values were log-transformed and scaled to have a
mean of 0 and a standard deviation of 1. Hierarchical complete-linkage clustering was performed
on both rows and columns with a cosine metric. We assessed enrichment of recurrence among this
clustering by dividing the patients at the first branch point into the two largest clusters, followed
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by a Fisher Exact test. Differential expression was evaluated for all 63 genes with t-test with
Benjamini-Hochberg correction, and visualized in a volcano plot. Top genes were noted if they
had greater than +1.0 log2-fold change.
Prognostic prediction of CD8/CD68 alone and in combination with MIP. To assess the
ability of the CD8/CD68 ratio to predict recurrence, we performed a Mann-Whitney U test and
visualized the prediction using a receiver operating characteristic (ROC) curve. We tested the correlation of the top immune genes (>1 log2-fold change) with the CD8/CD68 ratio using Spearman
correlation. We combined the CD8/CD68 ratio with MIP using the log-rank (Mantel-Cox) test to
compare low- to medium-risk, low- to high-risk, and medium- to high-risk patients. Hazard Ratios
(HR) and 95% Confidence Intervals (CI) calculated using the Mantel-Haenszel test.
Digital Spatial Profiling (DSP). 8 patients from the 104-patient Mantra cohort were selected
based on CD68+HLA-DR- phenotype and CD8 expression (Supplemental Table ST3). Of this
sub-cohort, 4 patients had a high density of stromal HLA-DR- macrophages and close proximity of
HLA-DR- macrophages to CTLs, and 4 patients had a high CTL/macrophage ratio with low HLADR- macrophage density, as determined by previous qmIF. For DSP, FFPE slides were stained with
antibodies conjugated to UV-photocleavable DNA barcodes and specific to 34 proteins. Twelve
600-micron ROIs with high macrophage density were selected for each patient. ROIs were selected
in tumor/stroma areas containing less than 50% stroma. ROIs were analyzed using UV excitation,
which releases DNA barcodes for downstream quantitation on the nanoString nCounter platform.
Protein expression was compared between patients and statistical analyses were performed using
a Mann-Whitney U test.
Patient populations. The Mantra cohort consists of 104 patients, 64 of whom had available disease-specific survival (DSS) data, defined as known cause and date of death and/or documented clinical follow-up.[86] The MIP cohort consisted of 81 patients, all of whom had available
DSS.[182] The Combination cohort consisted of 53 patients, all of whom had available DSS. In the
Mantra cohort, 15.4% of patients had known recurrence, 34.6% had no recurrence, and 50% had
unknown recurrence status. In the MIP cohort, 29.6% of patients recurred, 61.7% did not recur,
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and 8.6% had unknown recurrence status. Finally, in the Combination cohort of 53 patients, 30.2%
of patients recurred, 60.4% of patients didn’t recur, and 9.4% of patients had unknown recurrence
status. The Combination cohort consisted of 75.5% males and 24.5% females, and the median patient age was 68. 56.6% of patients had a tumor on their trunk or head, and 72.9% of patients were
stage II. Median tumor depth in this cohort was 2.7 mm, and ulceration was present in 60.4% of
the cases. Median follow up was 62 months, and 25 of the patients died of any cause, with 14 having died from melanoma. The 13-patient Macrophage Survey sub-cohort stained for macrophage
phenotypes consisted of 46.2% of patients with a high CD8/CD68 ratio, 38.5% of patients with a
low HLA-DR- macrophage density, and 61.5% of patients with a large distance between CTLs and
HLA-DR- macrophages (Supplemental Table ST1). The metastatic melanoma cohort consisted of
14 patients, of whom 1 had stage IIIC disease, 3 had stage IV M1a or M1b disease, 1 had stage
IV M1c disease, 8 have stage IV M1d disease, and 1 had mucosal melanoma. The tissue origins
of the biopsies of metastases used for staining were divided into 50% soft tissue or skin, 35.7%
brain, 7.1% lung, and 7.1% lymph node (Supplemental Table ST2). Finally, the cohort used for
DSP analysis consisted of 50% of patients with a high CD8/CD68 ratio, 50% of patients with a
low HLA-DR- macrophage density, and 62.5% of patients with a large distance between CTLs and
HLA-DR- macrophages (Supplemental Table ST3).
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Conclusions
In this thesis, we have explored the usage of genomic and imaging technologies to advance
our understanding of the glioblastoma tumor microenvironment. We began with an introduction
describing this dismal cancer, its high degree of heterogeneity, current efforts to target it with
immunotherapy, and modern developments in biotechnology. We then applied our computational
toolkit to a variety of cancer datasets to uncover remarkable findings of the role of immune cells
within the tumor microenvironment.
In Chapter 2, we studied longitudinal GBM cases comparing immunotherapy responders and
non-responders over the course of treatment. By leveraging whole exome sequencing, transcriptomic profiling, evolutionary modeling, immunofluorescence imaging, and single cell analysis, we
built a comprehensive approach for investigating the response of tumors to immunotherapy. Our
analysis showed that mutations in PTEN are associated with macrophage infiltration and lack of
immunotherapy response. We also found that responders had tumors that followed distinct evolutionary trajectories, characterized by negative selection against a neoantigen-expressing dominant
clone seen prior to treatment. Our work clearly showed the existence of specific molecular and
stromal markers of immunotherapy response in GBM. In Chapter 3, we analyzed single-cell RNA
sequencing data to learn more about the role of macrophages in GBM. We discovered a subpopulation of macrophages expressing MARCO that associated with worse prognoses, mesenchymal
and hypoxic signatures, and impaired immune response. Coupled with other works in the literature implicating MARCO in melanoma and non-small-cell lung cancer, this analysis suggests that
anti-MARCO immunotherapy may be an intriguing option for the treatment of GBM. In Chapter
4, we expanded our analysis to melanoma, where we found that the spatial relationships between
immune and tumor cells also associated with clinical outcomes. We utilized both transcriptomic
and imaging data to generate a biomarker for stratifying patients into risk groups, bolstering the
notion that the techniques we have developed can be applied broadly across different cancers.
As a whole, this thesis highlights the bounty of information that is contained in genomic and
imaging data, and its utility in enabling critical insights into the mechanisms of GBM and other
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cancers. Many of these technologies are still burgeoning: sequencing continues to become less
costly and more expansive each year, with recent advancements such as single-cell ATAC-seq
and single-nucleus RNA-seq. Histopathology imaging is also progressing, with the emergence
of highly multiplexed methods allowing visualization of 60 or more different proteins. We envision a future where these technologies are utilized not only for research, but also for molecular
diagnostics informing personalized medicine.
There still remains much work to be done to elucidate the precise nature of the tumor microenvironment and its interactions with immune cells and immunotherapy. Although T cells are
ostensibly important in attacking tumor cells, it is difficult to determine the specific antigens that
they target, even with full sequencing information. This is due to the challenge of modeling protein folding and the interactions within the immunological synapse. There is also a wide variety of
cytokines and signals that can deactivate T cells and other elements of the immune system, which
need to be addressed. Even after a suitable immunotherapy target is identified, there are still many
challenges in designing therapeutics that can penetrate the blood brain barrier, are well-tolerated,
and do not induce resistance.
The action of the immune response in GBM likely cannot be understood through a single cell
type, but rather requires consideration of an entire complex ecosystem of immune, tumor, and
stromal cells. There is a long road ahead in deciphering the interactions between these cells in
the tumor microenvironment, and translating this knowledge into clinical advances. We hope that
the efforts of this work will play a part in furthering our common goal of advancing precision
oncology, and ultimately, improving patient outcomes.
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Appendix A
A Fast Semi-Automatic Segmentation Tool for Processing Brain
Tumor Images
Lecture Notes in Computer Science vol. 10344 LNAI pp. 170–181. (2017)

A.1

Introduction and Motivation

Glioblastoma (GBM) is the most common primary brain malignancy, and the one with the most
dismal prognosis [3]. Imaging, particularly magnetic resonance imaging (MRI), is the standard
for diagnosing and assessing the disease [203]. The separation of tumor apart from healthy tissue
within images (segmentation) is important for guiding therapy [204, 205], determining prognosis
[206, 207], and assessing response[208, 209]. Segmentation also serves as the first step in quantitatively analyzing GBM images, including machine learning [210, 211, 206], regression modeling
[212, 213], and clustering approaches [214]. These efforts have demonstrated utility in predicting tumor growth [215], molecular subtype and survival [216] of GBM patients. Given the recent
availability of open cancer datasets [217] such as The Cancer Imaging Archive [218], there is a
clear need for the development of efficient and accurate segmentation utilities, which will allow for
the systematic quantification of images in association with clinical and molecular characteristics.

A.2

Glossary and Key Terms

GBM: glioblastoma, a brain tumor that is the most aggressive form of glioma. It is characterized
by diffuse infiltration, regions of necrosis (dead tissue), and uniformly poor prognosis.
MRI: magnetic resonance imaging, a non-invasive medical technique often used to volumetrically
Material in this chapter is published wholly or in part in [202] by Andrew X. Chen and Raul Rabadan.
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visualize the brain as a series of image slices. Depending on the settings of the machine, images
can be acquired in a variety of modalities such as T1, T1 with contrast (T1c), T2, and FLAIR.
Gadolinium contrast is added in T1c to enhance (light up) disruptions of the blood-brain barrier.
Semi-automatic: An algorithm that combines user input with computer assistance, in contrast to
fully manual or fully automated protocols.
Segmentation: The demarcation of images into distinct regions, such as separating tumor tissue
from healthy tissue.
MITKats: Medical Imaging Interaction Toolkit with augmented tools for segmentation, an opensource set of segmentation tools presented here.

A.3

Background

Manual segmentation is typically performed with 2D tools to delineate edges on each image slice.
While manual segmentation is the gold standard [219], it is too time-consuming for large analyses,
sometimes taking upwards of an hour per image series [220]. Because of this, many fully automatic
and semi-automatic algorithms have been created to expedite the segmentation process. Reviews
of these methods can be found in [221] and [222]. Benchmarks of fully automatic algorithms
have demonstrated encouraging accuracies [223], but acceptance of these methods in the clinic is
limited due to concerns about errors and transparency [224]. Semi-automatic algorithms draw a
balance by unifying the power of computer processing with the intuition of the human operator.
However, existing semi-automatic programs still need improvement with regards to operator time
[225] and user-friendliness [226].
To address these drawbacks, this work provides and validates an accessible semi-automatic
protocol for the fast segmentation of glioblastomas. Specific goals included the creation of an
intuitive computer-assisted segmentation utility, addition of 3D editing tools for manual correction,
and integration within a user-friendly environment. These aims were implemented in the Medical
Imaging Interaction Toolkit (MITK) as an extension of its existing Segmentation plugin [227, 228].
This modified software, MITK with augmented tools for segmentation (MITKats), is also a free
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and open-source program. By addressing the aforementioned goals with MITKats, we expedite
semi-automatic segmentation by introducing validated, easy-to-use 3D tools.

A.4

Methods

Data sources. A total of 38 3D MRIs of brain tumors were obtained from two publicly available
datasets. 20 cases of high-grade gliomas (including glioblastomas and anaplastic astrocytomas)
were obtained from the Multimodal Brain Tumor Segmentation Challenge (BRATS) 2012 [223],
a notable accuracy benchmark. Four modalities were available for the BRATS dataset: T1, T1
with contrast (T1c), T2, and T2 FLAIR, though MITKats only used T1c and FLAIR images. The
ground truths were derived from all four modalities and designated into 3 regions:
• Active: The contrast-enhancing parts of the tumor, seen on T1c
• Core: The Active component plus non-enhancing features seen on T1, including necrosis
• Whole: The hyper-intense region on T2 and FLAIR, corresponding to edema
18 cases of glioblastoma were obtained from a previously published study performed at St.
Olav’s University Hospital [225]. Only T1c MRIs were used to create segmentations, which were
generated in BrainVoyager [229], 3D Slicer [230], and ITK-SNAP [231]. A single tumor region
was labeled, comprising enhancing and necrotic regions. Given that the authors did not observe
non-enhancing tumor regions, their definition of tumor was closest to that of the Core component
from BRATS. While no ground truths were designated in this dataset, each segmentation was
timed, serving as a speed benchmark.
Both datasets had originally been pre-processed, resulting in interpolation of image resolutions
to a 1mm isotropic voxel size. Images from BRATS had been skull-stripped, while those from St.
Olav’s had not.
Algorithmic Development. Two modifications were made to the MITK framework in order to expedite the segmentation process in MITKats. First, the Threshold Components tool was
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added, which expanded connected threshold segmentation to accept multiple seed points (and thus
separated regions). It also allowed for the manipulation of seed points independently of the thresholds, as well as streamlining out unnecessary user input. The second modification was adding
in segmentation capability to the Clipping Plane View, which was originally intended for volume
measurements only. Therefore, a segmentation could be graphically adjusted in three dimensions
through extraction of a clipped piece.
MITKats can be found here: https://github.com/RabadanLab/MITKats, and is in the process of
being merged onto the main branch of MITK.
Segmentation Protocol. Segmentations were performed in MITKats by A.X.C., a medical
student who had used similar software to segment 93 glioblastoma cases as part of a previous
project [89]. Segmentation time, as measured by stopwatch, was started after loading the original
image(s) and stopped after opening the save segmentation dialog, thus ignoring the time for file
operations.
Thresholding. A new segmentation label was created for the T1c image, and the Segmentation
plugin view is opened. Selecting the newly implemented Threshold Components tool, seed point(s)
were placed in enhancing region(s), and the lower threshold adjusted until the apparent hyperintensities were all included (Fig. A.1a). If the tumor was grossly non-enhancing, another label
was created where seed point(s) were placed in hypo-intense regions, and the upper threshold
adjusted.
Cropping. Regions of normal brain tissue that were erroneously included as part of the Thresholding process were removed in two ways. Precise exclusion of regions was done via the Clipping
Plane tool, where up to 6 deformable 3D surfaces were superimposed on the segmentation. This
allowed the generalized separation of erroneous regions from the tumor body (Fig. A.1b), a new
feature added in MITKats. For gross corrections, the existing Image Cropping tool could be used
instead. A 3D rectangular bounding box was graphically defined and used to mask and overwrite
the original segmentation. Finally, if the true tumor contained only one connected component,
either of these methods could be followed up with the Picking tool to exclude erroneous regions
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Figure A.1: Demonstration of a user-friendly semiautomatic segmentation protocol. a) The
Threshold Components tool allows the user to set an intensity threshold and multiple seedpoints
(yellow crosses). Regions within the threshold and connected to the seedpoints are selected. b) The
deformable clipping plane allows 3D correction of the segmentation, typically useful for removing
leaked regions. c) Original image, clipped image, and final morphological operations such as
Closing and Fill Holes smooth the enhancing segmentation into a Core segmentation.
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that were severed from the tumor.
Smoothing and Filling. The segmentation was smoothed via the Closing tool, a part of the
existing set of Morphological Operations, typically with a radius of 2. This label was saved as
the Active component. For the Core volume, the non-enhancing label could be joined to this
component via the Union tool, if applicable. To include areas of necrosis, the Closing and Fill
Holes tools were used (both typically with radius of 10), and this new label was saved as the Core
component (Fig. A.1c).
Whole Tumor. For segmenting the Whole tumor component of the BRATS dataset, the above
protocol for obtaining the Core region was repeated for the FLAIR image.
Accuracy and Speed Analysis. The accuracy of MITKats segmentations was assessed by
comparison to the reference segmentations provided by BRATS and St. Olav’s datasets. In BRATS,
the references were ground truths fused from 4 expert manual annotations. Each of the Whole,
Core, and Active components were compared to their reference counterparts via Dice score [232]
as well as calculated tumor volume. The mean inter-rater Dice scores from BRATS were used
as controls. This was because the fused ground truths were derived from the individual expert
annotations, artificially bolstering the Dice score between any given expert and the fused standard.
For comparing data in the St. Olav’s cohort, the MITKats segmentations were assessed via Dice
score and volume to all 12 reference segmentations (3 softwares × 2 raters × 2 repetitions). As a
control, Dice scores were calculated only for pairs of reference segmentations created by different
raters. The time to create the Core component of the MITKats segmentation was compared against
the times reported in the dataset.

A.5

Results

Aggregate Dice scores and volume estimates of MITKats segmentations with respect to BRATS
ground truths for each tumor region are shown in Table A.1. The Dice similarity of MITKats
segmentations compared to the ground truth was equivalent to inter-rater variability for the Whole
and Active tumor regions, but was worse for the Core region. Volume measurements averaged over
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all regions were 94% of those estimated by the ground truth, with a mean fractional error of 18%.
Tumor Compartment
MITKats v. BRATS
Dice Score (%)
BRATS Inter-rater
Volume Ratio
Volume Relative Error

Whole
88±5
88±2
0.96
10%

Core
84±10
93±3
1.06
25%

Active
77±14
74±13
0.81
20%

Table A.1: Segmentation accuracy approaches inter-rater agreement in the Brain Tumor
Segmentation Challenge. Twenty high-grade glioma cases were segmented using MITKats and
compared against ground truths from BRATS. Three regions (Whole, Core, and Active) were segmented for each patient, and the mean Dice scores (± standard deviation) are shown. The volumes
of each region were also compared to the ground truth.
A comparison of estimated volumes for each case across both datasets is shown in Figure A.2,
including a logarithmic Bland-Altman analysis. While the volumes segmented by MITKats were
similar to reference segmentations, they tended to be underestimated, particularly for the Active
tumor region of the BRATS dataset.
The Core component of the MITKats segmentation was pairwise compared to segmentations
performed by other softwares in the St. Olav dataset. The average Dice scores of MITKats segmentations compared to each of the reference segmentations was 0.88, compared against their
inter-rater agreement of 0.94 (Figure A.3a).
The time for segmentation is also compared to the St. Olav’s dataset in Figure A.3b. The speed
of MITKats as compared to those reported was an average of 4, 5, and 11 times faster than ITKSNAP, 3D Slicer, and BrainVoyager, respectively. The typical Core segmentation using MITKats
was 4.2 ± 2.0 minutes on the St. Olav’s dataset and 4.0 ± 3.1 minutes on the BRATS dataset,
where uncertainties represent standard deviation.

A.6

Open Problems

The scope of this work has some limitations for which we hope future studies will address. In
terms of protocol and datasets, this pipeline works best for T1c and FLAIR images, because T1
without contrast has limited enhancement, and T2 enhancements are often the same intensity as
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Figure A.2: Comparison of segmented volumes by tumor region. a) Volumes calculated using
MITKats are compared against their reference standards for each tumor component. (St. Olav
segmentations designated only a single Core-like component.) b) A logarithmic Bland-Altman
plot is shown for different regions of segmentations, comparing the ratio of segmented volumes to
the averages of the base 10 logarithms of tumor volume (in mL). There is a tendency for MITKats
to underestimate tumor volume at low sizes, particularly in the Active tumor component.
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Figure A.3: MITKats is faster than other segmentation softwares, while approaching optimal
accuracy. a) Eighteen glioblastoma cases were segmented using MITKats and compared against
the segmentations performed in [225]. Points represent the average Dice score when compared to
all other segmentations performed by different raters. Error bars represent standard deviation. b)
The time required for segmenting via MITKats is compared to those using BrainVoyager, 3DSlicer,
and ITK-SNAP (mean of 2 trials each).
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cerebrospinal fluid. It is an open problem to provide implementation for other image modalities as
well as simultaneous multimodal analysis, which may benefit the accuracy of segmentations [204].
Providing support for perfusion and diffusion weighted images may also be particularly important
for response assessment [233].
One remark is that the BRATS dataset contained not just glioblastomas but also anaplastic
astrocytomas, which are intermediates between GBMs and lower grade gliomas (LGGs). Given
the satisfactory accuracy of segmenting this mixed dataset, this provides encouragement that this
analysis could be extended to LGGs, which are typically harder to segment [234]. Eventual implementation and validation for LGGs and tumors outside the brain would be useful for the field.
Another point regarding the BRATS dataset is that the images were already skull-stripped, making
the segmentation process somewhat easier. Integrating skull-stripping into a segmentation pipeline
would be helpful for the user.
It is our belief that speed is not sufficiently emphasized in the current benchmarking of segmentation algorithms. While many studies report average segmentation times, the variability among
different cases can be large. Within the datasets examined in this work, the fastest segmentation
took less than a minute, while the slowest took almost 11 minutes. Therefore, the individual listing
of segmentation times is helpful for the direct comparison of algorithm speeds. We encourage
future investigators to record both raw segmentations and operator time for each case to further
advance this field.

A.7

Conclusions and Future Outlook

To our knowledge, this work is the first to validate the use of the MITK environment for the
segmentation of brain tumors. Our modification MITKats provides fast and accurate segmentation, combining a semiautomatic tool with flexible 3D editing, all wrapped in a user-friendly GUI.
Benchmarking its accuracy against BRATS, it achieved a performance equal to inter-rater variability across Whole and Active tumor regions. The Core tumor region was somewhat lacking,
perhaps due to our protocol not using T1 images, thus having different definitions for the compo118

nent. Benchmarking its speed against the St. Olav’s dataset, MITKats was over 4 times faster than
its quickest competitor. While its accuracy was somewhat lower than inter-rater variability, the
reference segmentations were also semi-automatically derived, and therefore not necessarily the
ground truth. Finally, MITK is an open source toolkit which encourages the free use and continued
development of this software.
The segmentations produced by MITKats form a starting point for a variety of data analysis
techniques. Texture features [235], morphological characteristics[213], and topological summaries
[89] can be extracted from the delineations and used to classify the cancer into spatial phenotypes.
They can also be used to aid volumetric assessments [209] and validate growth models [236, 237].
The quantified image features obtained from these segmentations, alongside the abundance of sequencing and histological data [238], will effectively support the further exploration of the radiogenomics of glioblastoma.
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Appendix B
Predicting Clinical Outcomes in Glioblastoma: An Application
of Topological and Functional Data Analysis
Journal of the American Statistical Association, 0(0), 1–12. (2019)

B.1

Introduction

The field of radiomics is focused on the extraction of quantitative features from medical magnetic
resonance images (MRIs), typically constructed by tomography and digitally stored as shapes or
surfaces. Quantifying geometric features from shapes in a way that is amenable to computational
analyses has been a long-standing and fundamental challenge in both statistics and radiomics.
Overcoming such a challenge would provide significant breakthroughs in broader scientific disciplines with the potential for real, practical impact. One particularly important application, where
a viable quantification of shapes is needed, is the study of glioblastoma multiforme (GBM)—a
glioma that materializes into aggressive, cancerous tumor growths within the human brain. GBM
is a disease that is currently under active research in oncology; it is marked by characteristics that
are not common in other cancers, such as spatial diffusivity and molecular heterogeneity. In human
patients, it is a rapidly-progressing disease with a post-diagnosis survival period of 12-15 months
and, currently, there are only limited therapies available [239]. Obtaining molecular information
of GBM tumors entails an invasive medical procedure on the patient that is costly in terms of both
time and resources. In comparison, magnetic resonance images (MRIs) of these tumors are easily
accessible and often readily available. Being able to effectively utilize MRIs of GBM tumors in
computational settings increases the potential for well-developed statistical methodology to have a
Material in this chapter is published wholly or in part in [89] by Lorin Crawford, Anthea Monod, Andrew X. Chen,
Sayan Mukherjee and Raul Rabadan.
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significant impact in cancer research and future treatment strategies.
There are two key aims of our work in this paper: first, to quantify GBM tumor images to
integrate medical imaging information into statistical models; and second, to explore the utility
of medical imaging information in clinical studies of GBM. To achieve the first aim, we develop
a novel statistic, the smooth Euler characteristic transform (SECT), that summarizes shape information of GBM MRIs as a collection of smooth curves. This allows the direct implementation
of existing statistical models from functional data analysis (FDA); in particular, it allows tumor
shape information to be used as a covariate in regression frameworks. To achieve the second aim,
we study a cohort of individuals with publicly available MRIs from The Cancer Imaging Archive
(TCIA) [218, 240], as well as matched genomic and clinical data collected by The Cancer Genome
Atlas (TCGA) [241]. Through our extensive predictive analysis, we demonstrate a clinicallyrelevant connection between the shape of brain malignancies and the variation of survival-based
outcomes that are driven by molecular heterogeneity.
The remainder of this paper is organized as follows. In Section B.2, we outline the theoretical
concepts used to quantify shape information of tumors and highlight their statistical utility; we
also detail the construction of our statistic that summarizes tumor shape information, the SECT. In
Section B.3, we detail how regression methodologies for functional covariates are naturally suited
to model the curves that capture tumor shape information. This connection with functional data
allows us to specify a general regression model that intakes tumor shape information and turns out
to be particularly powerful when conducting predictive inference. For our case study, we focus on
Gaussian process (GP) regression with Markov chain Monte Carlo (MCMC) inference. In Section
B.4, we use the GP modeling framework to predict the clinical outcomes of GBM patients using
gene expression data, existing morphometric and volumetric tumor image quantifications, and our
proposed tumor shape summaries. Here, we perform a comparative study between each covariate
type across different regressions generated by various covariance functions. Finally, in Section
B.5, we close with a discussion on possible future research.
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B.2

Quantifying Tumor Images Using Topology

In this section, we develop a summary statistic that captures shape information from MRI images
of GBM tumors, which will then be used as covariates in a regression model. The key strategy is
to construct these statistics as a function that maps shapes into a Hilbert space. This function has
two important properties: (i) it is injective, and (ii) it admits a well-defined inner product structure.
Notably, the inner product structure allows us to adapt ideas from functional data analysis to specify
general regression models that use shape summary statistics as predictor variables.
Background on Summary Statistics for Shape Data
Classical approaches represent shapes as a collection of landmark points [242, 243, 244]. This
data representation was implemented partly due to the limited image processing technology of the
time. Current imaging technologies have since greatly improved and now allow three-dimensional
shapes to be represented as meshes, which are collections of vertices, edges, and faces. Figure S1 depicts an example of a mesh representation for a brain tumor and ventricles. Recently,
methods have been developed to generate automated geometric morphometrics for mesh representations [245, 246, 247, 248]. However, despite these advancements, both user-specified and
automated landmark-based methods are known to suffer from structural errors when comparing
shapes that are highly dissimilar. Some examples of structural errors include: inaccurate pairwise
correspondences between landmarks, alignment problems between dissimilar shapes, and global
inconsistency of pairwise mappings. These structural errors tend to accumulate as the number of
landmarks imposed on each shape increases, and a high number of these points is often required
to accurately capture shape information (especially when analyzing diverse shapes) [249]. Such
complications generally make landmark-based approaches less attractive.
Most recently, an approach known as the persistent homology transform (PHT) was developed
to comprehensively address issues induced by landmark-based methods, and to maintain robust
quantification performance for highly dissimilar and non-isomorphic shapes [250]. While the PHT
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allows for the comparison of shapes without requiring landmarks, it does so by producing a collection of persistence diagrams—multiscale topological summaries used extensively in topological
data analysis (TDA). This is restrictive because the geometry of the resulting summary statistics
does not allow for an inner product structure that is amenable to (generalized) functional data models [251]. We propose the smooth Euler characteristic transform (SECT) because it builds upon the
theory of the PHT, in that it also produces a topological summary statistic, but it is constructed to
be able to integrate shape information in regression-based methods. This proves to be particularly
useful in our case study on predicting clinical outcomes in GBM.
Homology and Persistence
We begin by developing an intuition for persistent homology [252, 253], which is a foundational
concept in TDA. Briefly, persistent homology can be viewed as the data-analytic counterpart to
homology—a theoretical concept from of algebraic topology, where the goal is to study the shape
of abstract mathematical objects, such as sets and spaces, by counting occurrences of geometric
patterns. In homology, the geometric patterns of interest are holes: homology groups provide
a mathematical language for describing and keeping track of holes of an abstract mathematical
object. The motivation behind classical algebraic topology is to then use these holes to distinguish
between or suggest similarities among different abstract mathematical objects. For a more detailed
review and theoretical discussion of these concepts, see the Supplementary Material.
Homology. Homology is particularly relevant to our application and case study in GBM. Intuitively, not only does it describe contrasting physical tumor characteristics, but it also implicitly
captures some information about the stage of disease progression. For example, necrosis is a form
of cell injury which results in the premature death of cells. Multifocality is a radiological observation where individual tumor cells separate from the main mass and disperse elsewhere within the
brain. From an imaging perspective, necrotic regions show up as dark regions (or holes) within
a tumor, while multifocal tumors appear as segregated masses. Examples of both necrosis and
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multifocality captured by MRI images are shown in Figure S2. It has been suggested that the more
necrosis or multifocality there is in a GBM tumor, the more aggressive the disease [254, 255].
Applying homology to radiomic studies not only identifies such phenomena, but also tracks the
number of times they occur and thereby provides a notional measure of disease severity.
Homology is indexed by integers: the 0th-degree homology captures the number of connected
components in the shape, the 1st-degree homology captures the number of loops, and the 2nddegree homology captures the number of voids. In the context of our GBM application, degree
0 homology corresponds to tumor masses and lesions. Degrees 1 and 2 homology correspond to
necrosis, depending on whether we are analyzing 2-dimensional image slices from an MRI or the
3-dimensional tumor as a whole.
Despite its intuitive description, computing homology can be challenging. To this end, it is
often convenient to represent the shape as a discrete union of simple building blocks, “glued"
together in a combinatorial fashion. An important example of such a building block is the simplex:
simplices are skeletal elements that take the form of vertices, edges, triangles (faces), tetrahedra,
and other higher dimensional structures. A simplicial complex K is a collection of simplices and
represents the discretization of a shape or tumor. Meshes that represent three-dimensional shapes
are particular examples of finite simplicial complexes (again see Figure S1). There are two key
interests in discretizing shapes into simplicial complexes. First, there exist efficient algorithms to
compute homology for such discretizations; and second, discretization is essential for applying
these abstract concepts to real data, where any given dataset will necessarily be finite.
In this paper, we use the notation Hk (K) to denote the k-th homology group for the simplicial
complex K. This corresponds to the collection of the k-dimensional elements of the simplicial
complex. For example, H0 (K) corresponds to the collection of vertices of the simplicial complex
or, equivalently, to the collection of connected components of the shape (e.g. the masses and lesions
of a tumor).
Persistent Homology. Persistent homology applies homology to data by continuously tracking
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the evolution of homology in the data at different scales (or resolutions). It can thus be seen as
a way to extract and summarize geometric information. In persistent homology, the index s of
a filtration tracks the homological evolution. A filtration is a collection of simplicial complexes
{Ks } where the index s induces totally ordered sets Ki ⊆ K j for i < j. As s increases, the sequence
of simplicial complexes {Ks } also changes and grows. In this way, the index s of the filtration
{Ks } tracks the scale according to which the “shape" of the data changes and grows. The shape
information at each scale s is encoded by the homology groups Hk (Ks ) of the simplicial complex
Ks . More specifically, H0 corresponds to the vertices, H1 corresponds to edges, and H2 corresponds
to the faces of the simplicial complex or discretized shape. An example of a filtration is depicted
in Figure B.1. Here, the index s corresponds to the value of height function (which depends on
some variable x and is discussed in detail further below) in the vertical direction ν. We see the
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evolution of vertices, edges, and a face appearing sequentially with height. Higher order structures
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Similarly, the edge v0 v2 connecting vertices v0 and v2 appears at the third inclusion, and the face
element (i.e. vertex, edge, and face) is included at its maximal height x in the vertical direction
hv0 v2 v3 i forms at the fourth. Altogether, according to these inclusions, the collection of vertices in K
ν, as given in Equation (B.1) from Section B.2. Starting from the lefthand side, the vertex v0 is
are shown to evolve as follows: (i) hv0 i; (ii) hv0 , v1 i; (iii) hv0 , v1 , v2 i; (iv) hv0 , v1 , v2 , v4 i; (v)
first added and it remains present in each subsequent inclusion, while the vertex v1 emerges during
hv0 , v1 , v2 , v3 , v4 i; and at the final inclusion, (vi) hv0 , v1 , v2 , v3 , v4 , v5 i. Similarly, the collection of edges
the second inclusion and then remains. Similarly, the edge v v connecting vertices v0 and v2
in K is said to evolve as follows: hv0 v2 i appears at the third, 0hv20 v2 , v0 v3 , v2 v3 i emerges
at the fifth; and
appears at the third inclusion, and the face hv0 v2 v3 i forms at the fourth. Altogether, according
hv0 v2 , v0 v3 , v2 v3 , v1 v5 , v3 v5 i forms at the final inclusion.
This evolution of vertices, edges, and faces
to these inclusions, the collection of vertices in K are shown to evolve as follows: (i) hv0 i; (ii)
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hv0, v1, v2, v3, v4, v5 i. Similarly, the collection of edges in K is said to evolve as follows: hv0 v2 i
appears at the third, hv0 v2, v0 v3, v2 v3 i emerges at the fifth; and hv0 v2, v0 v3, v2 v3, v1 v5, v3 v5 i forms at
the final inclusion. This evolution of vertices, edges, and faces forms (persistence) vector spaces
of i-chains, and may be written as such for concise notation (see the Supplementary Material for
further details). A version of this figure has been previously published [250].

Computing persistent homology produces a collection of intervals for each degree of homology,
where each interval represents a k-dimensional topological feature (e.g. a connected component,
loop, or void for a general, three-dimensional shape) that is “born" at the parameter value given
by the left endpoint of the interval, and “dies" at the value at the right endpoint. The length of
the interval corresponds to how long the topological feature “lives," or persists. In this paper, we
consider these intervals to be represented by a persistence diagram. Persistence diagrams treat the
start and end points of each interval as an ordered pair, and displays them as plotted points on a
plane where the x-axis corresponds to birth time and the y-axis is the death time. Thus, one can
consider a persistence diagram as a collection of points on and above the diagonal, with the set of
points on the diagonal having infinite multiplicity (and included for regularity conditions; see the
Supplementary Material for further detail).
Persistent Homology Transform. The PHT captures shape information by collecting persistence diagrams of all degrees of homology, for all possible orientations of the shape. More formally, for a d-dimensional shape, the PHT results in d-many persistence diagrams arising from
height function filtrations over infinitely-many direction vectors on the surface of the sphere. The
space of persistence diagrams is a complicated, but theoretically well-defined probability space
[256]. In particular, it is a metric space, meaning that distances between persistence diagrams may
be defined. This is important because distances between PHT summary statistics provide a way
of comparing shapes. The injectivity of the PHT for two- and three-dimensional shapes [250], or
the one-to-one relation between the shape itself and its infinite collection of persistence diagrams,
guarantees that the PHT effectively summarizes all relevant information about the shape.
Considering all possible directions on the surface of the sphere to summarize shape information is particularly well-suited to our radiomics application. MRI scans of the brain are known
to be subject to noise: the positioning of patients’ heads could vary both between patients and
individual scans, causing image registration issues. Considering all directions on the surface of the
sphere bypasses this problem, and incorporates perturbations directly into the statistic. This is an
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important feature of the PHT that we retain in the development of the SECT. We expand upon the
PHT to produce a collection of continuous, piecewise linear functions that live in Hilbert space L2 .
The corresponding inner product structure inherent to Hilbert spaces allows us to apply the SECT
to a much broader set of statistical methodologies. It is worth noting that for select covariance
functions, the PHT can be adapted to nonparametric statistical models [257, 258, 259], but this
class is considerably limited.
Smooth Euler Characteristic Transform
While the SECT uses the same underlying mathematical principles as the PHT, it produces a collection of continuous, piecewise linear functions rather than persistence diagrams. The SECT
implements persistent homology via the Euler characteristic (EC), which is a topological invariant
that appears in many branches of mathematics. In terms of homology, the EC counts the ranks
of the homology groups (i.e. the Betti numbers, βk , for the k-th homology group Hk ) in an alternating sum and thus reduces the mathematical description of holes in a topological space from an
algebraic group structure to an integer. Let X be an arbitrary topological space, Hk (X) be the k-th
homology group of X, and βk be the rank of Hk (X). The Euler characteristic (EC) χ(X) of X is
the alternating sum
χ(X) = β0 − β1 + β2 − β3 + · · · =

∞
Õ

(−1) k βk .

k=0

For a discretized shape or surface in three dimensions represented as a simplicial complex K, the
EC may be analogously defined by the number of simplices in K by
χ(K) = V − E + F,

where V, E, and F are the numbers of vertices (0-simplices), edges (1-simplices), and faces (2simplices), respectively.
Just as homology may be augmented to persistent homology by considering a filtration, ECs
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may also be calculated with respect to a filtration. The result is an EC curve, which tracks the
progression of the EC as a function with respect to the filtration. Let the dimension d = {2, 3}, and
fix a direction ν on the surface of the unit circle or sphere S d−1 (where ν ∈ S d−1 ). Let M d−1 be
the set of all closed, compact subsets (shapes) embedded in Rd that can be represented in a finite,
discrete manner as simplicial complexes [260]. Next, denote the simplicial complex representation
of M ∈ M d−1 by K, and let Kν indicate the ν-orientation of K. The sublevel set filtration of Kν
parameterized by a height function r(•, •) is the set {x ∈ K : x · ν ≤ r }. The ν-directional
parameter height function rν (•, •) is
r : K × S d−1 → R

(B.1)

{x, ν} 7→ x · ν.
Denote the extremal heights from this filtration by

aν := min{rν (x), x ∈ K },
bν := max{rν (x), x ∈ K }.

We use the subscript notation to denote the simplicial complex representation K of a shape M, in
the direction ν, as Kν for d = {2, 3 }. Similarly, we use the superscript notation Kνx to denote the
varying simplicial complex of Kν , generated by a sublevel set filtration with respect to Equation
(B.1) and defined by varying x ∈ Kν .
The EC curve of K (which discretizes M) in the direction ν is defined by
χνK : [aν, bν ] → Z ⊂ R

x 7→ χ Kνx .

(B.2)

The EC curve tracks the evolution of the EC up to (and including) the largest subcomplex of Kνx
contained in the sublevel set rν−1 ((−∞, x]). See Figure B.2(a) for an illustrative example of the
evolution of the EC on the two-dimensional contour of a hand. Here, the direction is the horizontal
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direction to the right of the y-axis. The value of the EC changes as the sweep over the palm
first reveals the thumb, and then the separation between the ring and pinky fingers, followed very
shortly by the separation between the index and middle fingers, and so on. The EC curve of this

Euler Characteristic Curves

Smooth Euler Characteristic Curves

filtration is plotted in Figure B.2(b).

Filtration Steps

(a)

(b)

Filtration Steps

(c)

Figure B.2: Example illustrating the evolutionary tracking of topological features for a given
shape. Figure (a) displays a 2D contour of a hand, for which the Euler characteristic (EC) is calculated and tracked with respect to a horizontal filtration. Figure (b) shows the Euler characteristic
curve of the 2D contour. At the leftmost filtration level on the x-axis, the EC value is equal to 1 on
the y-axis. This indicates one connected component corresponding to the thumb in the hand. Just
before level -0.05, the index finger appears, which increases the value of the EC to 2. Figure (c)
illustrates the corresponding smooth Euler characteristic (SEC) curve. This found by taking the
mean value of the EC curve in (b), subtracting it from every point along the x-axis, and integrating
over the range of extremal heights (see Section B.2). Since there are no holes in a hand, the EC
reduces to the sum of connected components as they appear with the filtration. A version of this
figure has been previously published [250].
The same rotational summary technique of the PHT may be adapted to ECs as follows.
[Previously in [250]] In considering a directional sweep over the surface of the sphere S d−1 ,
and calculating the corresponding EC curves χνK of the finite simplicial complex representations
Kν for every direction ν ∈ S d−1 , the Euler characteristic transform (ECT) is defined as follows:
ECT(K) : S d−1 → ZR

(B.3)


ν 7→ χ Kν .
In other words, the ECT of a shape collects EC curves of the shape, over all directions on the
surface of the sphere.
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The EC curve in Equation (B.2) and its corresponding ECT in Equation (B.3) are piecewise
constant, integer-valued functions. These discontinuities can affect the stability of this representation (e.g. see Figure B.2(b) where there are sharp jumps in the curve). We therefore propose
a reformulation of Equation (B.3) that allows for a type of summary that can be used in a wider
range of statistical analyses. We do this by smoothing a centered variant of function. The centered
variant is given by taking the mean of curve χ̄νK over [aν, bν ] and subtracting it from the EC χνK (x)
at every x ∈ [aν, bν ]. This produces a centered EC curve in the direction ν ∈ S d−1 ,
ZνK : [aν, bν ] → R
x 7→

(B.4)

χνK (x)

−

χ̄νK .

We set the value of ZνK to be zero outside the interval [aν, bν ] by default. Integrating the curve
gives the following smoothed construct. The centered, cumulative Euler characteristic curve or
smooth Euler characteristic curve (SEC), for a fixed direction ν ∈ S d−1 , is defined for all y ∈ R as
SEC(K) : R → L2
∫ y
K
Fν (y) :=
ZνK (x) dx.

(B.5)

−∞

The SEC is a continuous, piecewise linear function with compact support [aν, bν ] by construction.
Therefore, it is an element of the Hilbert space L2 of square integrable functions on R. The counterpart to Figure B.2(b), smoothed by the procedure described above resulting in the SEC, is visually
illustrated in Figure B.2(c). We now formally define the smooth Euler characteristic transform.
The smooth Euler characteristic transform (SECT) for a simplicial complex K of a shape M ⊂
Rd , with d = {2, 3}, is the map
SECT(K) : S d−1 → L2 [aν, bν ]
ν 7→

(B.6)

FνK (bν )

for all ν ∈ S d−1 . Each curve FνK is also an element in the Hilbert space L2 . The following
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metric can therefore be used to define distances between two simplicial complexes (discrete shape
representations) K1 and K2 ,
distSECT
M d−1 (K1, K2 )

∫
:=
S d−1

FνK1

−

2
FνK2 dν

 1/2

.

(B.7)

The advantage of the SECT over the PHT is that SECT summaries are a collection of curves and
have a Hilbert space structure. This means that their structure allows for quantitative comparisons using the full scope of functional and nonparametric statistical methodology. The SECT is
also an injective map and the following corollary is an immediate consequence of previous results [250]: The smooth Euler characteristic transform is injective for two- and three-dimensional
shapes, i.e. when the domain is M d−1 for d = {2, 3}.
The injective property of the SECT suggests that it concisely summarizes the original shape data.
Mathematically, the SECT maps between the space of all shapes with a finite simplicial complex
representation M d−1 and the Hilbert space L2 . Thus, injectivity between these two spaces means
that for a given SECT statistic in L2 , there is a (unique) corresponding shape with some finite
complex representation in M d−1 . However, note that enough directions ν ∈ S d−1 must be taken
for this corollary to hold since, for any one fixed direction, it is not true that the EC curve (upon
which the SECT construction depends) is injective. An illustration of this fact is depicted in Figure
S3. To determine the number of directions to use in practice, we perform a sensitivity analysis
with many different combinations of numbers of directions and sublevel sets. In our application of
interest and case study, we find prediction results (with SECT features as predictor variables) to be
reasonably robust to our final choice of numerical parameters.
Small Note on Information Loss. Based on its homological definition and filtration (defined by
a height function), the SECT will always capture all topological and integral geometric (i.e. size)
information about a shape. However, there are instances where information about texture-based
features may not be captured in the SECT summary statistic. Intuitively, this is dependent upon the
granularity of the filtration defined by the height function. In theory, a continuous height function
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would mitigate this issue, but this is difficult to implement in practice. As a result, coarse filtrations
with too few sublevel sets will cause the SECT to miss or “step over” very local undulations in a
shape. In the context of our GBM case study, this can occur if a particular tumor is made up of
small focal lesions that are collectively important in explaining survival outcomes. For those cases,
we would not observe this variance and presumably suffer from predictive performance.

B.3

Functional Regression Models with Tumor Shape Information as
Covariates

In the previous section, we formally specified the SECT which allows us to map shapes into a space
that: (i) is represented by collection of curves, and (ii) has a well-defined inner product structure.
We will now discuss how functional data analysis (FDA) is a particularly suitable framework to
specify a general regression model that uses tumor shape information (in the form of topological
summary statistics, captured by the SECT) as covariates. The goal of FDA is to model data that
are continuous functions (e.g. curves, response surfaces, or images) [261, 262, 263, 264, 265]. The
key idea here is that these functions can be considered as elements in a Hilbert space for which one
can specify statistical models using stochastic processes [266, 267, 268, 269]. In this paper, we
will use a class of stochastic processes that is often referred to as Gaussian processes (GPs) [270,
271, 272].
Gaussian Process Regression
m
Denote the shape information (i.e. SECT representation) of a GBM MRI scan as F(t) = {Fν }ν=1

measured over m directions. A functional linear model considers a continuous response variable y
and covariates that are square integrable functions F(t) on the real interval T , where t ∈ T under
the following parametric form [261],
y = hF(t), α(t)i + ε,
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ε ∼ N (0, τ 2 I),

where the residual noise ε is assumed to follow a multivariate normal distribution with mean
zero and scaled variance parameter τ 2 , and I is used to denote the identity matrix. Notice that
similar to traditional linear regression models, α(t) is an unknown smooth parameter function that
is now square integrable on the domain T , and h•, •i denotes a well-defined inner product. In the
context of our radiomic case study, the assumption of a linear relationship between the response
variable y and functional covariates F(t) may be too restrictive. For example, when modeling the
topological landscape of brain tumors (as we will do in Section B.4), it is reasonable to assume
that interactions between modes of brain activity extend well beyond additivity [273]. As a result,
we formulate a general functional regression model that has the flexibility to incorporate possible
nonlinear interactions. The methodology we use is Gaussian process (GP) regression.
There are two key characteristics of a GP regression model. The first key element is a positive
definite covariance function, σ : L2 × L2 → R, where again L2 is the Hilbert space of the SECT
functional covariates such that F(t) ∈ L2 . The second key element is the reproducing kernel Hilbert
∞ and
space (RKHS) that is induced by the covariance function. Given the eigenfunctions {ψl }l=1
∞ of the finite integral operator defined by the covariance function [274], we have
eigenvalues {λl }l=1

∫

σ(u, v)d(u, v) < ∞,

λl ψl (u) =

∫

T

σ(u, v)ψl (v) dv,

T

where u = u(t) and v = v(t), and an RKHS can be formally defined as the closure of a linear
√
∞ [271]. One may conduct inference in an RKHS by
combination of basis functions { λl ψl (v)}l=1
assuming a Gaussian process prior distribution over the functional covariates directly [275],

f (Fi (t)) ∼ GP µ(Fi (t)), σ(Fi (t), F j (t)) ,

i, j = 1, . . . , n

(B.8)

where f (•) is a smooth operator from L2 to R that is completely specified by its mean function
and positive definite covariance function, µ(•) and σ(•, •), respectively. Recall from Section B.2
that, in practical applications, there are a finite number of observed topological summary statistics
taken from a given geometric object. Therefore, if we condition on these finite set of locations, the
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prior distribution in (B.8) may be represented as multivariate normal [276]. Consider the following
joint “weight-space” probabilistic regression model to complete our specification [275],
y = f + ε,
where f =



f (F1 (t)), . . . , f (Fn (t))

f ∼ N (0, Σ(F(t), F(t))),
|

ε ∼ N (0, τ 2 I),

(B.9)

is now assumed to come from a multivariate normal with

mean 0 (for simplicity) and covariance matrix Σ(F(t), F(t)).
Posterior Predictive Inference
We now formally describe how to conduct posterior predictive inferences on clinical phenotypic
traits for unobserved patients. Assume that we have received a set of new brain tumors and have
computed their corresponding topological summary statistics F∗ (t). Under the prior in Equation
(B.8), we can write the joint distribution between the observed patient responses (y) and the function values taken at the test images ( f ∗ ) as


© Σ(F(t), F(t)) + τ 2 I Σ(F(t), F∗ (t))  ª
© y ª


®
 ®® .
 ∗ ® ∼ N 0, 
∗
∗
∗
f
Σ(F (t), F (t))
 Σ(F (t), F(t))
« 
«
¬
¬

(B.10)

Intuitively, if we train the model on n tumors and there are n∗ test images, then Σ(F(t), F∗ (t))
results in an n × n∗ matrix of covariances between each of the training and testing points. Similar
interpretations also hold for other covariance entries as well. Deriving the conditional distributions
for Equation (B.10) then results in a multivariate normal posterior predictive distribution for the
test shape smooth operators f ∗ | y ∼ N (µ ∗, Σ∗ ), where

 −1
µ ∗ = Σ(F∗ (t), F(t)) Σ(F(t), F(t)) + τ 2 I y

 −1
Σ∗ = Σ(F∗ (t), F∗ (t)) − Σ(F∗ (t), F(t)) Σ(F(t), F(t)) + τ 2 I Σ(F(t), F∗ (t)).

(B.11)

Note that in many applications, covariance functions can be indexed by a bandwidth or length-scale
parameter θ, σθ (u, v). For example, the Gaussian kernel can be specified as σθ (u, v) = exp{−ku −
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vk 2 /2θ}. This bandwidth parameter can be inferred; however, posterior inference over θ is slow,
complicated, and often mixes poorly [277]. For simplicity, we will work with a fixed bandwidth
that is chosen via 10-fold cross validation.

B.4

Predicting Clinical Outcomes in Glioblastoma

To fully illustrate the statistical utility of tumor images (captured by the SECT topological summary statistic), we apply the GP regression model to a GBM radiomic study with two measured
clinical outcomes: disease free survival (DFS) and overall survival (OS). Some recent work in
radiomics has confirmed the utility of imaging data in GBM research. These efforts suggest that
the inclusion of shape information improves both the prediction of patient survival outcomes, as
well as the classification of tumor subtypes [278, 279, 280, 216]. It is important to distinguish,
however, that most of these previous studies were limited to gross spatial features of cancer images
(e.g. the presence of multifocal tumors, the location of recurrent lesions, or crude volumetric calculations). The SECT offers a novel contribution to radiomic research as a topological representation
of imaging data. In this section, we will specifically assess whether topological features are better
predictors of DFS and OS prognoses than three other tumor characteristics: (i) gene expression,
(ii) tumor morphometry, and (iii) tumor geometry.
Genomic and Radiomic Data
Magnetic resonance images (MRIs) of primary GBM tumors were collected from n = 48 patients
archived by The Cancer Imaging Archive (TCIA) [218, 240], which is a publicly accessible data
repository containing medical images of cancer patients with matched genomic and clinical data
collected by The Cancer Genome Atlas (TCGA) [241]. These patients were selected based on
two criteria: (i) individuals had post-contrast T1 axial (transverse) MRIs taken at the time of their
diagnosis, and (ii) these patients have matching (mRNA) gene expression data and clinical correlates (e.g. recorded DFS and OS) that are publicly available [281, 282]. There are three key
factors that influenced our decision to use this particular subset of samples. First, the T1-weighted
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MRI with gadolinium contrast is one of the most commonly-used imaging modalities and is often implemented to assay lesions with vascular activity [283]. Second, axial (transverse) slices
were considered as this was the most common representation in TCIA database and resulted in the
dataset with the most observations. Third, exclusively using MRIs taken at the time of diagnosis
allowed us to avoid any potential confounding factors related to treatment-specific effects that may
alter postoperative imaging and/or genomic profiles [216].
Each collection of patient MRIs consisted of approximately 23-25 segmented slices of twodimensional grayscale images (with the exact numbers varying between patients). We segment
these images with the computer-assisted program MITKats to extract tumor lesions from the surrounding brain tissue [202]. Briefly, this algorithm first converts MRI images to a grayscale, and
then thresholds to generate binary images. Morphological segmentation is then applied to delineate connected components. This is done by selecting contours corresponding to enhanced tumor
lesions, which are lighter than healthy brain tissue. For instance, necrosis (or H1 or H2 homology
as described above in Section B.2) presents as dark regions nested within the indicated lesion. An
example of a raw image obtained from TCIA, along with its corresponding segmentation, is given
in Figure S4.
From these segmented images, we collect three types of tumor shape information: morphometric features, geometric measurements, and topological summary statistics. Here, we use the same
morphometric features outlined in previous imaging studies [284, 285] (see listed references for
specific details on extraction and computation). The final data set consisted of these 212 morphometric predictors corresponding to shape and texture, including cellularity skewness, cytoplasm
intensity, nucleus texture, nucleus curvature, and median edge length. We also consider 5 tumor
geometric measures. The first is the enhancing volume for each MRI slice, which is summed over
lesions in the multifocal case. The other geometric measurements are the core volume of the enhancing and necrotic regions, the longest lesion diameter, and the shape factor of the tumor. For
the purposes of this study, we define the shape factor to be the longest lesion diameter divided
by the diameter of a sphere with the same volume. Lastly, when computing topological summary
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Figure B.3: Example of a segmented tumor (on the left) with its corresponding SECT curves
(on the right). On the right side, we illustrate the curves for directions ν = 1, 36, and 72, respectively. The x-axis shows the number of sublevel sets (i.e. steps) as the filtration progresses,
which we fix to be 100 per slice. In the radiomic prediction analysis, all 72 curves are concatenated
together to create a 7200-dimensional covariate vector for the patient.
statistics, we use 100 sublevel sets per slice and compute a different EC curve for 72 directions
evenly sampled over the interval [0, 2π]. After concatenation, this results in 7200-dimensional vectors for each patient. Averaging over these curves for each direction gives the proposed smooth EC
statistics. It is well known that reconstructing 3D brain tissue (and corresponding tumors) from 2D
slices is a nontrivial task [286, 287, 288]. Moreover, in the context of our case study, it is not guaranteed that the space in-between individual slices will be the same for each patient. Therefore, we
aggregate topological summaries across slices for each direction as a proxy for rotating (accurate)
3D representations of each tumor. Example SECT summary statistics for a segmented tumor are
depicted in Figure B.3.
Lastly, we use matched mRNA gene expression levels of the preselected TCGA samples as a
baseline data source. Following specific preprocessing steps from other genomic studies [289], we
use the robust multiarray average (RMA) normalization procedure to correct for potential lab-based
batch effects and other potential confounders [290]. This resulted in a final data set consisting
of 8725 genes, which also passed a pre-specified hybridization accuracy threshold and showed
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reasonably varying expression across the assay.
Prediction Results
We now compare the each data type’s ability to predict two clinical outcomes: disease free survival
(DFS) and overall survival (OS). Briefly, DFS is the period after a successful treatment during
which there are no signs or symptoms of the cancer, while OS is tabulated as the entire period after
the initial treatment where the patient is still alive. It is worth noting that DFS is more commonly
used over OS in adjuvant cancer clinical trials because it offers earlier presentation of data [291].
This stems from the idea that events due to disease recurrence occur earlier than death from disease,
thus resulting in a cleaner signal [292].
Each tumor feature type is modeled with the GP regression model detailed in Section B.3. In
the context of this application, every patient in the data has an official death time. Hence, there is
no need for a right-censored analysis or Cox-based methods [293, 294, 295]. We use two types
of metrics to assess prediction accuracy: (i) the squared correlation coefficient (R2 ), and (ii) the
frequency for which a given data type exhibits the greatest R2 , which we denote as Optimal%.
When analyzing each outcome, we randomly split the data 1000 different times into 80% training
and 20% out-of-sample test sets. In each case, the survival times are centered and scaled to have
mean 0 and variance 1 to facilitate the interpretation of results. In order to illustrate the robustness
of the SECT, we apply the GP regression framework using three different covariance functions.
The goal is to show that the power of the SECT summary statistic is robust to this choice. Here,
suppose that u and v are two different covariate vectors. We consider the linear (gram) kernel
σ(u, v) = u| v/p, where p is the length of the feature vector for a given data type; the Gaussian
kernel σθ (u, v) = exp{−ku − vk 2 /2θ}; and the Cauchy kernel σθ (u, v) = (1 + θ ku − vk 2 )−1 . As
previously mentioned, the last two functions are indexed by a bandwidth or length-scale parameter
θ, which we select via 10-fold cross-validation over the grid [0.1,10] with step sizes equal to 0.1.
Briefly, a value of 0 denotes a rigid function, while 10 represents a smoothed estimator. In Table
B.1, we present the mean R2 and corresponding standard errors across testing splits to show how
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each tumor characteristic performs while taking into account variability. This table also lists the
estimated bandwidths that generated these results.
Overall, our study shows that SECT topological summaries result in the most accurate predictions for survival—particularly for DFS. For example, using the Cauchy kernel function with
SECT features resulted in the greatest R2 for both DFS and OS at 0.237 and 0.158, respectively.
This led to the SECT being the optimal tumor characteristic 40.5% of the time for DFS and 36.5%
of the time for OS. There are a few possible explanations for these results. First and foremost, gene
expression is known to be highly variable, particularly in GBM [27]. Second, volumetric-based
measurements only detail information about tumor size, but this information is likely not enough
to be an effective predictor of patient survival on its own. Instead, one could imagine the geometry of a tumor being more useful when paired with the spatial location of lesions; hence, better
detailing the severity of the shape. Conversely, morphometric features describe more focal-based
characteristics of malignancies. This attention to texture causes more global information about the
tumor to be missed.
These predictive results may also be due to the nature of the clinical outcomes that we chose
to model. As previously mentioned, DFS is a prognostic measure of cancer recurrence and corresponds to the reappearance of the disease after initial treatment. This correlate can often be better
defined than OS, where the cause of a patient’s death may not necessarily be due to cancer-based
complications. Indeed, each of the tumor characteristics that we consider generally perform better
when predicting DFS versus OS (see Table B.1). Nonetheless, measurements that provided detailed information about one particular aspect of the disease (e.g. volumetric and morphometric
quantities) are not as relevant as those that aim to illustrate a more comprehensive view. Thus,
topological features are effective predictors as they provide some notion about both the size and
texture of tumors.
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Covariance Function(s)

Linear Kernel

Gaussian Kernel

Cauchy Kernel

Data Type

Disease Free Survival (DFS)
R2
Optimal% b
θ

Overall Survival (OS)
R2

Optimal%

b
θ

Gene Expression

0.097 (0.013)

18.1%

—

0.075 (0.01)

18.4%

—

Morphometrics

0.133 (0.015)

23.6%

—

0.127 (0.015)

33.9%

—

Geometrics

0.137 (0.017)

23.9%

—

0.100 (0.012)

23.2%

—

SECT

0.198 (0.023)

34.4%

—

0.097 (0.012)

24.5%

—

Gene Expression

0.129 (0.015)

23.6%

4.3

0.082 (0.011)

16.2%

10

Morphometrics

0.113 (0.013)

16.3%

0.1

0.113 (0.012)

22.3%

4.0

Geometrics

0.154 (0.018)

21.1%

5.2

0.102 (0.013)

22.3%

5.0

SECT

0.228 (0.026)

36.1%

0.6

0.168 (0.018)

39.2%

4.2

Gene Expression

0.126 (0.015)

26.2%

6.4

0.084 (0.010)

16.7%

10.0

Morphometrics

0.088 (0.012)

15.9%

1.2

0.115 (0.014)

27.9%

4.5

Geometrics

0.116 (0.013)

17.4%

0.2

0.095 (0.012)

18.9%

3.5

SECT

0.237 (0.027)

40.5%

0.6

0.158 (0.017)

36.5%

5.5

Table B.1: Detailed results for predicting disease free survival (DFS) and overall survival (OS)
using Gaussian process regression models defined by the linear, Gaussian, and Cauchy covariance
functions, respectively. For each model fit, we consider the predictive utility of four different
genomic data types: gene expression, tumor morphometry, tumor geometry, and the proposed
smooth Euler characteristic transform (SECT). Assessment is carried out by using the predictive
squared correlation coefficient (R2 ), where larger numbers indicate better performance. We also
use Optimal% to denote the percentage of the time that a model exhibits the greatest R2 . All values
in bold represent the best method in these two assessment categories. These values are based on
1000 random 80-20 splits for each clinical outcome. Standard errors for each model are given
the parentheses. Lastly, we give estimates for the bandwidth or length-scale parameter b
θ used to
b
compute each kernel function. Note that θ was found by using 10-fold cross-validation over the
grid [0.1, 10] with step sizes equal to 0.1.
MRI Specific Consequences on Results
In our study, the robustness of the SECT to choice of metric is particularly relevant because the
geometric structure of the brain is known to be fibrous—meaning that the brain is made up of, and
connected by, cerebral fiber pathways [296]. This brings into question the validity of assuming
the usual Euclidean metric when quantifying shape. Both volumetric and morphometric analyses
require the specification of a metric and, in the case where the usual assumption of a Euclidean
measure does not apply, an appropriate one must be constructed. This is not always a straightforward task. Moreover, in fibrous settings, there is also the possibility for the further requirement of
defining a geodesic. Examining topological properties, as opposed to metric-based properties, by140

passes these technical difficulties. Altogether, incorporating a topological measure that is not based
on a metric results in the flexibility to compare tumors of different sizes more seamlessly. Subsequently, this also implicitly allows for comparisons between different stages of the disease without
needing to account for time of progression. We hypothesize that these flexible characteristics also
contribute to the SECT being a better predictor of prognosis and survival.
More Biological Implications
One key implication from our results in DFS is that there possibly exist correlations between the
topology of tumors and the molecular heterogeneity arising from the activation of different recurrence mechanisms. An example of this relationship occurs in (multifocal) tumors where lesions
on opposite hemispheres of the brain originate from the same oncogenic effects, but events like
therapeutic resistance or cancer recurrence happen in only one hemisphere. This variation can be
clinically relevant. It was recently proposed that these type of topologically-based traits are linked
to the mutation status of certain oncogenic relapse drivers [24]. Hence, there is growing evidence
that potential pathways of progression in GBM should go beyond the simple consideration of physical proximity (i.e. closeness in a geometric sense). For instance, a particular path to recurrence
in GBM may be due to ambient effects inherent to a particular hemisphere of the brain. The prediction results we present in this work suggest that the topological features extracted by the SECT
may be better than simple geometric summaries at providing insight into biological phenomena at
the molecular level.

B.5

Discussion

In this paper, we sought to quantify images of GBM tumors given by MRIs for statistical analyses and to demonstrate the clinical relevance of this information. To this end, we developed a
topological summary statistic transform which maps shapes into a space that admits an inner product structure that is amenable to standard functional and nonlinear regression models. We then
used our summary transform to predict the survival of GBM patients using our specified functional
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Gaussian process regression model. In this study, we compared the predictive accuracy using both
molecular biomarkers and shape covariates. The SECT was shown to explain more of the variance
in DFS of patients than all other covariates in a wide variety of models defined by various kernel
functions. For the Gaussian and Cauchy kernels, in particular, the SECT outperformed the other
measures in accounting for the variance in both DFS and OS.
Despite these results, several interesting future directions and open questions still remain. For
example, in the current study, we focus solely on measuring how well topological features predict
survival. Many studies in the radiomics space use deep learning approaches for accurate classification and prediction-based tasks [297, 298, 299, 300]. Unfortunately, in this work, we did not
have access to data with large enough sample sizes for the effective training of neural networks.
However, in the future, it would be useful to see how our topological summary statistics may be
integrated within deep learning frameworks. To ensure power, utilizing protected data from current consortium studies with a large number of participants would be of high interest [301, 302,
303]. Moving away from prediction, it would also be useful to infer which particular spatial regions of the tumor are most relevant to clinical outcomes. Recent variable selection approaches
for kernel-based methods can be used to infer the directions and segments of the Euler curves that
are most relevant [304, 305]. In this case, an important open problem is having the ability to recover, or partially reconstruct, a shape based on significant SECT summary statistics. Similarly,
the distance measure for the SECT stated in Equation (B.7) provides a framework for comparing
the shapes of tumors, and correlating geometric properties with molecular and clinical features.
Understanding the relationship between therapeutic strategies, signaling pathway dependence, and
tumor shapes would provide useful information about different forms of GBM and their etiologies.
We conjecture that greater general knowledge about tumor shape may help in distinguishing true
progression from pseudoprogression. Here, progression refers to the growth of the tumor itself,
while a pseudoprogressing tumor has been infiltrated by immune cells and other factors.

142

Data Availability
The results shown here are in whole or part based upon data generated by the TCGA Research
Network (http://cancergenome.nih.gov/). DICOM formatted MRI scans and patient clinical information were taken directly from the TCIA web portal (https://wiki.cancerimagingarchive.net/
display/Public/TCGA-GBM). Matched molecular data were downloaded directly from the Genomic Data Commons (GDC) by selecting the RNA-Seq tab option (https://portal.gdc.cancer.
gov/projects/TCGA-GBM). Shape-based summary statistics necessary for replicating this study
(i.e. the segmented tumor images, the volumetric measurements, morphometric data, and topological summary statistics) are also publicly available on the SECT GitHub repository.

Software Availability
Software to compute the SECT from images and fit the Gaussian process regression model is
publicly available in both R and MATLAB code, and located on the repository https://github.com/
lorinanthony/SECT. The MRI images were segmented using the Medical Imaging Interaction
Toolkit with augmented tools for segmentation (MITKats), which was written in C++ and is located
at https://github.com/RabadanLab/MITKats [202].
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