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ABSTRACT OF THE DISSERTATION 
 

Investigating Glioblastoma Microenvironment and Cellular Interactions with 3D Bioprinted 

Tumor Models 

 

 

by 

 

Min Tang 

 

Doctor of Philosophy in Nanoengineering 

University of California San Diego, 2022 

Professor Shaochen Chen, Chair 

Professor Nicole Steinmetz, Co-Chair 
 

Glioblastoma (GBM) is the most common and fatal adult primary brain cancer. Maximal 

safe surgical resection followed by concurrent chemotherapy and radiotherapy results in a five-

year survival rate less than 7% for patients afflicted with GBM, and therapeutic advances to treat 

glioblastoma remain stagnant. In vivo, complex cell-matrix and cellular interactions among tumor 

cells, stromal cells, and the extracellular matrix (ECM) lead to a dynamic and heterogeneous GBM 

tumor ecosystem, characterized by significant immune infiltration and immunosuppression. 

Traditional model systems such as 2D cell culture or animal models either lack sufficient 

complexity to mimic the pathophysiological GBM microenvironment or face challenges with 

engraftment, lack of normal immune interactions, and low throughput nature of animal 



xvii 

 

experiments. The discrepancies between drug evaluation results from pre-clinical models and 

actual clinical outcomes have also led to failure of many compounds in clinical trials.  

In this dissertation, ECM and cellular aspects of GBM are independently investigated using 

3D models generated with a light-based 3D bioprinting technique and brain tumor-relevant 

biomaterials, revealing important criteria for fabricating biomimetic GBM models. The models 

serve as scalable and physiologic platforms to interrogate the role of different factors, including 

matrix properties and cellular crosstalk, in various tumor progression events, such as tumor 

migration, functional dependencies, drug responses, and immunologic interactions within a 

species-matched condition. In addition, a computational method based on machine learning 

algorithms is developed to predict drug sensitivity of monocyte or microglia infiltrated GBM 

tissues to small molecule probes and reveal features that contribute to the outcome of the prediction. 

The integration of computational tool with more clinically relevant tumor models could be a 

promising solution to investigate the disease mechanisms and accelerate the drug development for 

GBM.
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CHAPTER 1 Introduction 

1.1 Background and Motivations 

Glioblastoma (GBM) is the most common and aggressive adult primary brain cancer, 

accounting for 14.6% of all malignant central nervous system (CNS) tumors.1 The five-year 

relative survival is 6.8% for patients in the United States, ranking lowest among all primary 

malignant CNS tumors.1 Despite tremendous efforts in the past decades, little advance in the 

outcome for patients afflicted with GBM has been achieved. Standard-of-care GBM treatment 

involves maximally safe surgical resection, followed by concurrent chemoradiation with the oral 

methylator, temozolomide (TMZ), and then adjuvant TMZ. Complete surgical removal using 

hemicraniectomies was previously attempted but failed to achieve cure due to the diffuse invasion 

of tumor cells into the brain and the necessity to preserve essential brain function. GBM cells 

invade into the brain parenchyma in different modes, including as single cells, and act as reservoirs 

for recurrence. Extensive molecular profiling of GBM has identified distinct transcriptional 

subtypes that reflect heterogenous tumor genetics and epigenetics. Complex cellular and cell-

matrix interactions among tumor cells, stromal cells, and the extracellular matrix (ECM) within 

the TME result in a dynamic and immunosuppressive GBM tumor ecosystem highly resistant to 

existing treatments. Universal relapse, high intratumoral and intertumoral heterogeneity, and 

resistance of recurrent GBM to therapies lead to poor prognoses and a dismal median survival time 

of patients less than 70 years old of 14.6 months.2 The bottleneck in current GBM therapeutic 

development indicates limitations of current modeling modalities and supports development of 

more reliable model systems to help elucidate the pathways involved in different subtypes and 

provide more informative preclinical drug evaluations that will accelerate the drug development 

process. 
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GBM modeling requires the recapitulation of not only the dynamic, multi-component 

TME, but also the brain’s unique anatomical and biochemical features that play critical roles in 

GBM pathogenesis and treatment response. Traditional modeling modalities have limited capacity 

to reconstruct important aspects of the GBM, such as relevant tumor-stromal interactions and TME 

heterogeneity related to tumor development, drug penetration, and treatment efficacy. Patient-

derived xenografts (PDXs) retain many transcriptomic and genomic signatures of the donor tumors 

and provide ECM-rich microenvironments conducive to cell growth.3 However, generating PDX 

requires the use of immunodeficient animals, which prevents investigation of relevant immune 

responses, such as the interactions between GBM cells and tumor-associated microglia and 

macrophages (TAMs). TAMs account for about one-third of the tumor mass in recurrent GBM 

and modulate various cancer activities such as tumor cell migration, invasion, and drug 

resistance.3,4 Development of PDXs is also time-consuming and relatively low throughput, 

requiring a timespan not ideal for diseases like GBM that have fast progression. In vitro models 

that recapitulate native tumor-stromal interactions and cell-ECM interactions of GBM in a 

reproducible, efficient, and high-throughput manner may serve as better alternatives to in vivo 

models. 2D cell cultures are the most common and accessible in vitro modeling methods, but they 

lack the proper dimensionality and the cell-ECM interactions critical to GBM development. 2D 

culture conditions also induce irreversible alterations to gene expression, cell morphologies, and 

cellular activities of the cultured cells, reducing their similarity to primary tumors.3 Organoids are 

3D in vitro models with improved biomimicry compared to other in vitro culture methods. GBM 

organoids better maintain the cellular heterogeneity and the gene expression of primary tumors, 

and the tumor cells within organoids display enhanced hypoxic state and stemness compared to 

their counterparts 2D cultures.5,6 Organoid fabrication protocols have been developed, but the 
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variability among organoids and the limited control of cellular organization within organoids due 

to the self-assembly process limit their broader applications.5–7 Traditional in vitro modeling 

methods are still limited in terms of recapitulating the highly heterogeneous GBM 

microenvironment or physiologically relevant BBB barrier properties in a reproducible and 

scalable fashion. 

Advanced biofabrication technologies can produce customized 3D tissue models with good 

flexibility, reproducibility, and scalability, addressing many limitations of other modeling 

modalities. Biofabrication technologies can be categorized based on whether cellular components 

are seeded onto constructs after device fabrication or encapsulated in the biomaterials during the 

fabrication process. The cell-encapsulating approach enables better control of the number and the 

position of deposited cells and molecules than the cell-seeding approach, resulting in better 

reproducibility.8,9 Cells encapsulated in hydrogels encounter ECM cues from all directions, 

resembling their physiologic states, while seeded cells receive ECM cues mainly from the side in 

contact with hydrogels. Many technologies are capable of fabricating acellular scaffolds or devices 

with high resolution and throughput, such as electrospinning, fused deposition modelling, and 

selective laser sintering, among others, but are not commonly used for cell encapsulation 

purposes.10 3D Bioprinting has emerged to advance the field of cancer and tissue modeling due to 

its ability to encapsulate cells in biomaterials with good viability and to precisely control tissue 

architecture and matrix properties.8,11,12 3D bioprinting enables creation of reproducible and 

personalized models, making it especially suitable for modeling diseases like GBM that have high 

intratumoral and interpatient heterogeneity.13 Applications of bioprinting technology are not 

limited to living tissues, but also acellular scaffolds, microfluidic devices, and implantable 

constructs.  
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1.2 3D Bioprinting Strategies 

 3D bioprinting is an additive manufacturing technology capable of fabricating user-defined 

3D objects based on computer-aided design (CAD) models. CAD models can be reconstructed 

from clinical images, such as magnetic resonance imaging (MRI) scans or computed tomography 

(CT) scans or designed with CAD software to present specific geometries for individual 

applications. 3D models are sectioned into a series of 2D cross-sectional slices with predetermined 

layer thickness to be implemented by the bioprinters. The 3D bioprinting process generates well-

defined structures in all three dimensions, and its high resolution, reproducibility, flexibility, and 

customizability, make it a powerful tool for a wide range of biological applications. For successful 

modeling of biological samples, these strategies must permit good cell viability and allow tissues 

to develop functionality after printing.14 Biomimicry of bioprinted models requires the use of 

property-matching biomaterials and the incorporation of relevant cell types and other molecules. 

The major bioprinting methods include inkjet-based, extrusion-based, and light-assisted 

bioprinting processes.8,15,16 Advantages, limitations, and important features of the bioprinting 

methods are summarized in Table 1.1. Regardless of the type of bioprinting methods and 

biomaterials, successful construction of cell-encapsulated tissues and disease models, biological 

platforms for screening or delivery of drugs, and acellular scaffolds have been realized.8,17  
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Table 1.1 3D bioprinting strategies. 

Type Inkjet-based Extrusion-

based 

Light-assisted Light-assisted Light-assisted 

Subtype Thermal, 

piezoelectric, 

electrostatic 

Pneumatic, 

mechanical 

(piston-driven, 

screw-driven) 

Scanning-based 

(LAB, TPP) 

Projection-based 

(DLP) 

Projection-based 

(volumetric) 

Fabrication 

process 

Serial: point-by-

point 

Serial: line-by-

line 

Serial: point-by-

point 

Parallel: layer-

by-layer 

Parallel: 

rotational 

Advantages  Fast printing 

speed, high 

resolution, high 

throughput, low 

cost 

Broad 

biomaterial 

selection, scale-

up potential, high 

cell densities, 

low cost 

Very high 

resolution, 

compatible with 

biomaterials in 

different phases 

High resolution, 

very high speed, 

good interface 

integrity, broad 

biomaterial 

selection, scale-

up potential 

Concurrent 

printing of real 

3D structures, 

scalable to large 

constructs 

Limitations  Poor interface 

integrity, low 

cell densities, 

limited to low 

viscosity 

biomaterials 

Limited interface 

integrity, 

resolution 

limited by nozzle 

diameter 

High cost, 

limited 

biomaterial 

selection, limited 

scalability, low 

throughput 

Requires 

photosensitive 

biomaterials 

Limited 

resolution, cell 

density may be 

limited due to 

light scattering 

Typical 

resolution 

10 µm 100 µm (with 

cell), 5 µm 

(acellular) 

1 µm  2 µm  mm scale  

Bioink 

viscosity 

Low: 3.5 to 12 

mPa×s 

Wide range: 30 

to 6×107 mPa×s 

Medium: 1 to 

300 mPa×s 

- High viscosity 

fluids: 90,000 

mPa×s, or solids  

Cell 

density 

Low :106 cells/ml High High: 108 

cells/ml 

High  - 

Print speed Fast  Medium Medium Fast Fast 

References 8,16,18 8,16,19 8,16,20 11,21 22 

 

1.2.1 Inkjet-Based 3D Bioprinting  

 Inkjet-based bioprinting forms 3D constructs by depositing volume-controlled droplets of 

bioinks from a nozzle. Inkjet bioprinting uses thermal, piezoelectric, or electrostatic mechanisms 

to deposit droplets onto receiving substrates (Figure 1.1a).23 In thermal inkjet bioprinting, air 

bubbles generated by localized heating eject droplets from the nozzle. Instant heating does not 
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substantially impact cell viability. Piezoelectric and electrostatic approaches utilize the pressure 

generated from a piezoelectric actuator or the deflection of a pressure plate, respectively, to eject 

droplets.23 Inkjet bioprinting offers simplicity, low cost, fast printing speed, and high resolution 

without sacrificing cell viability.24 However, the cell density needs to be kept below 106 cells ml-

1 for this printing modality to mitigate the shear stress that may reduce cell viability during 

dispensing.19 Striking a balance between target resolution, material viscosity, nozzle size, and 

dispensing speed is critical for this printing method. Using nozzles with a smaller diameter can 

lead to a better resolution, but also increases the possibility of clogging if the material viscosity is 

not appropriate. Biomaterials with low viscosity, below 12 mPa-s, are compatible with inkjet 

printing.8 Using inkjet bioprinting, a wide range of biological applications has been demonstrated, 

including cancer models,25 stem cell research,14 tissue engineering,26 single-cell studies,27 cell 

array patterning,28 and controlled release of molecules.29 Inkjet bioprinting can also achieve high 

throughput by inclusion of multiple nozzles, making it desirable for screening applications.30,31 

1.2.2 Extrusion-Based 3D Bioprinting 

 Extrusion-based bioprinting relies on a continuous deposition of material filaments through 

a nozzle. The continuous process enables it to generate constructs with an overall better interface 

integrity compared to inkjet bioprinting. Two main dispensing mechanisms of the extrusion-based 

bioprinting are pneumatic-based and mechanical-based; the latter includes piston-driven and 

screw-driven methods (Figure 1.1b).8,19 During printing, either the stage or the bioink-filled 

dispensing nozzle is motorized to create 3D structures in a layer-by-layer fashion. Pneumatic 

dispensing is directly controlled by changes in the pressure, making it highly flexible; meanwhile, 

the delay in pressure change can reduce its precision in spatial control of deposited bioinks. The 

mechanical dispensing approach is generally better in spatial control due to the real-time impact 
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on the material flow, while the screw-driven system is especially suitable for highly viscous 

materials. Versatility of extrusion-based bioprinting makes it compatible with a broad selection of 

 

Figure 1.1 Schematic illustrations of common 3D bioprinting strategies. 

biomaterials, with viscosity ranging from 30 mPa-s to 6×107 mPa-s. This printing modality also 

allows encapsulation of cells at a relatively high density, or even in the form of spheroids.32,33 

Despite the shear stress that occurs within the nozzle, extrusion-based bioprinting methods permit 

favorable cell viability in printed constructs.8 Resolution of extrusion-based bioprinting is limited 

by a few factors, including nozzle diameter, gelation kinetics, and properties and composition of 
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bioinks. While high resolution of 5 µm can be achieved for acellular scaffolds, 34 cell encapsulated 

samples often have compromised resolution, generally over 100 µm, 35 as a tradeoff to scale-up 

potential and high encapsulation capacity.8,9 Nevertheless, extrusion-based bioprinting is the most 

widely used bioprinting strategy for tissue engineering applications, given its ability to generate 

samples with physiologically relevant dimension, mechanical properties, and cell density.17,18 

1.2.3 Light-Assisted 3D Bioprinting 

 Light-assisted bioprinting uses photon energy to induce photo-polymerization of bioinks 

to form 3D structures. Light-assisted strategies have high resolution and precise control of the 

architectures in all three dimensions. Without the high sheer pressures that occur in inkjet or 

extrusion bioprinting, higher cell viabilities can be achieved, even for sensitive cell types, 

including stem cells, using light assisted bioprinting approaches. Lght-assisted bioprinting can be 

categorized based on fabrication processes: scanning-based and projection-based. Scanning-based 

strategies usually require serial movement along all three axes. First, 2D features on one layer are 

formed through scanning of the laser beam within the bioinks or on a donor film. The laser beam 

then moves along the third axis, usually the z-axis, to build up a 3D structure. Projection-based 

bioprinting polymerizes an entire layer at a time. Features on one plane are formed with a single 

projection of patterned light, so the motor movement is often only necessary along the third axis 

during printing. Thus, projection-based strategies generally render higher throughput and faster 

printing speed than scanning-based strategies.21 Commonly used light-assisted approaches for 

biological applications include: (1) scanning-based strategies, such as the laser-assisted bioprinting 

(LAB) and the two-photon polymerization (TPP)-based bioprinting; and (2) projection-based 

strategies, mainly digital light processing (DLP)-based bioprinting.21,22,36–39 
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 A laser-assisted bioprinter is composed of a pulsed laser source, a receiving substrate, and 

a ribbon consisting of a bioink layer and a metal laser-absorbing layer usually made of gold or 

titanium (Figure 1.1c).36 During the printing process, the laser pulse induces vapor bubbles on the 

donor layer and, in turn, ejects droplets of bioink onto the receiving substrate parallel to the ribbon. 

Micron-scale structures with high cell density have been printed, and a variety of materials is 

compatible with this strategy.36,37 TPP is a laser-based direct-writing strategy that uses an ultrafast 

laser beam (e.g. femtosecond pulse) to trace and polymerize the cross-sectional features of 3D 

structures layer-by-layer. TPP polymerizes bioinks by the simultaneous absorption of two photons 

from a near-infrared femtosecond pulsed laser (Figure 1.1d). The resolution of TPP is not limited 

by the diffraction limit of the light source, so submicron scale features can be achieved.40 Fine 

features of 1 µm or smaller have been printed with Poly(ethylene glycol) diacrylate (PEGDA) 

using TPP.38 The relatively high resolution makes it suitable for fine patterning of biomaterials 

and single cell studies, with the trade-off of a slower bioprinting speed and limitation in scalability.  

DLP bioprinting is a rapid projection-based stereolithography, which can fabricate millimeter- or 

centimeter-scale constructs within seconds to minutes.21 DLP printers are usually equipped with a 

digital micromirror device (DMD) chip, a motorized stage or bioprinting probe, a set of optical 

paths, and a computer to synchronize the movement of the stage or the probe to corresponding 

patterns (Figure 1.1e). The DMD chip consists of millions of micromirrors that can be 

independently switched on or off to display the user-defined patterns with micron-scale features. 

Photocurable bioinks are polymerized only at the positions where light is projected from the DMD 

chip, permitting a highly defined architecture with a resolution of 2 µm.11 Functional tissue 

constructs integrating multiple cell types and various ECM materials have been produced with this 

bioprinting strategy. High cell viability has been achieved, including stem cell-derived cells.12,41 
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DLP bioprinting allows precise control over material properties, such as the elastic modulus and 

the amount of biochemical cues, which are important aspects for biological studies.42 Many 

biomaterials have been used with DLP bioprinting, including HA, gelatin, decellularized ECM, 

silk fibroin, poly(ethylene glycol) (PEG), PEGDA, and polyurethane (PU), whereas some require 

modifications to obtain photosensitivity.11,12,43,44 Broad biological applications of DLP include 

controlled release of growth factors,45 nerve regeneration,46 high throughput drug testing,41 and 

tissue and disease modeling.12,41,42,47,48 A DLP-based volumetric 3D bioprinting strategy, named 

computed axial lithography (CAL), enables fabrication of an entire 3D structure through one 

complete rotation of bioinks with synchronized pattern projections (Figure 1.1f).22 The strategy 

relies on the back-projection algorism of the CT reconstruction. This implementation enables 

improved geometric flexibility than prior attempts using field interference, allowing it to print 

complex non-symmetric 3D structures. Materials of high viscosity up to 90,000 mPa-s were used 

to avoid the necessity of supporting materials. This strategy offers many distinct advantages, such 

as the ability to print around an existing object and the scalability such that a centimeter-scale 

structure can be fabricated within a minute.  

1.3 GBM microenvironments 

Hierarchical information of native tissues is provided in this section: the building block of 

native tissues, i.e. the ECM and cellular components; the assembly and organization of the basic 

building blocks; and the collective biophysical or biochemical properties of the microenvironment 

from assembly.  
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1.3.1 ECM compositions and properties 

ECM modulates numerous brain functions and GBM initiation, progression, and invasion. 

ECM provides structural support to tissues, physically interacts with cells and other ECM 

components, and transduces signals upon binding through integrins and cell surface receptors.  

Table 1.2 Major ECMs in GBM and brain parenchyma. 

ECM Class Structure Size Primary 

crosstalk 

Expression 

in GBM 

Primary 

functions  

 

HA GAG Linear 

polysaccharide 

with no 

protein core 

>1,000 

kDa in 

normal 

brain 

Integrins, 

CD44, 

RHAMM, 

lectican, 

GHAP 

Increased, 

low 

molecular 

weight 

forms 

present 

GBM progression 

and invasion; 

structural and 

biochemical 

support to brain 

49–

52 

TSP-1 MCP Homotrimer 

with three type 

1 repeats 

420 kDa Heparin, 

α5β1 

integrin, 

HSPG, 

fibronectin, 

laminin 

Decreased GBM cell 

adhesion, 

migration, 

invasion; MMP 

inhibition; 

angiogenesis 

inhibition 

50 

TN-C MCP Oligomer with 

six monomers 

linked by 

disulfide 

bonds 

180-250 

kDa (each 

monomer) 

Lectican, 

HSPG, 

fibronectin, 

α5β1/αvβ6 

integrins, 

CAM, 

phosphacan 

Increased Angiogenesis; 

ECM stiffness; 

immune 

suppression; 

EMT; GBM 

migration 

50,

53–

56 

TN-R MCP Present in 

monomeric, 

dimeric, or 

trimeric forms 

160 or 180 

kDa (each 

monomer) 

Lectican, 

fibronectin 

Decreased Brain plasticity 

regulation; 

synaptic activity 

stablization 

53,

57,

58 

SPARC MCP Trimer 32 kDa Collagen, 

vitronectin 

Increased Cell de-adhesion; 

tissue remodeling; 

angiogenesis; 

EMT 

50,

55,

59 

Osteopontin MCP Phosphorylate

d protein 

60kDa CD44, 

integrin, 

heparin 

Increased Angiogenesis; 

GSC stemness; 

tumor growth and 

invasion 

60 
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Table 1.2 Major ECMs in GBM and brain parenchyma (continued). 

ECM Class Structure Size Primary 

crosstalk 

Expression 

in GBM 

Primary 

functions  

 

        

Lectican 

 

CSPG (See subclass) 95-400 

kDa 

HA, TN-R, 

fibulin-2 

(See 

subclass) 

(See subclass) 57,

61,

62 

 

Subclass Structure Expression 

in GBM  

Primary 

functions  

 

Aggrecan G1, G2, and G3 domains with a center 

domain for CS/KS chains 

- Brain plasticity 

regulation 

63 

Versican Two subdomains GAGα and GAGβ, and a 

central domain binds CS chains. Isoform V0 

carries both; V1 with only GAGβ; V2 with 

only GAGα; V3 lacks both. 

V0/V1 

increase 

V2 decrease 

Cell adhesion and 

migration; drug 

resistance 

51,

55 

Brevican N- and C-terminal domains and a center 

domain for CS chains. 

Significantly 

increased 

GBM growth and 

progression 

64,

65 

Neurocan N- and C-terminal domains and a center 

domain binds up to 7 CS chains. 

- Inhibition of 

neurite outgrowth 

63 

The brain ECM accounts for about 17% - 20% of the total brain volume,66 and is composed 

of primarily HA, proteoglycans (e.g. the lectican family), and glycoproteins (e.g. tenascin proteins, 

secreted protein acidic and rich in cysteine (SPARC), and thrombospondin-1 (TSP-1)).50,61,62,67,68 

Brain parenchyma ECM components are present in the GBM stroma, but with distinct expression 

patterns. Other ECM components in the GBM stroma include vitronectin, osteopontin, and 

vascular ECM components due to active angiogenesis in GBM. Major ECM components in the 

brain parenchyma and GBM (Table 1.2) are dispalyed with their structural properties, crosstalk 

with other ECM components or cell surface receptors, expression patterns in the GBM stroma, and 

primary functions in regulating brain activities or GBM progression. Changes in the amount or the 

composition of ECM occur with many CNS diseases, but the specific interactions and how they 

regulate the brain microenvironment on the molecular level remain an area of active investigation. 
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Mechanical properties, such as the stiffness of the tissue, are associated with ECM composition 

and organization. Constructing 3D models will improve our understanding of ECMs in more 

realistic settings, enabling identification of novel mechanisms underlying specific interactions that 

drive neoplastic transformation, as variables can be precisely controlled and isolated in vitro.  

1.3.1.1 Brain ECM 

HA, a negatively charged glycosaminoglycan (GAG) without a protein core, is the most 

abundant ECM component in the brain.50,51 Its negative charge attracts cations and leads to osmotic 

influx of water, which, in addition to its hydrophilicity, results in a high water retention capacity. 

High HA levels in the brain parenchyma and the lack of fibrillar proteins, such as type-I collagen, 

make the brain a very soft organ with remarkable plasticity. The normal brain parenchyma has an 

elastic modulus around 0.1-1 kPa.69,70 In healthy brain, HA is usually present in its high molecular 

weight form, ranging from 1,000 kDa to 8,000 kDa.52 HA binds non-covalently to other ECM 

components, including the lectican family proteoglycans. Proteoglycans are composed of a core 

protein with different GAG side chains. Lecticans are a family of chondroitin sulfate proteoglycans 

(CSPGs), which include versicans, aggrecans, neurocans, and brevicans. Other CNS CSPGs 

include phosphacan and neuroglial antigen 2.57 Expression of neurocans and brevicans is mostly 

restricted to CNS, while versicans and aggrecans are more ubiquitously expressed in other parts 

of the body. Versicans have several isoforms; the V2 versican isoform is the predominant CSPG 

in the healthy adult brain. Lecticans are considered organizers of the CNS ECM because they can 

form ternary complexes with HA and tenascin-R (TN-R), known as the perineuronal net of the 

CNS. Tenascin-C (TN-C) and TN-R are two tenascin glycoproteins found in the CNS, produced 

by oligodendrocytes and astrocytes, respectively.53 Tenascins belong to a family of matricellular 

proteins that are non-structural ECM proteins capable of modulating cell functions and cell-ECM 
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interactions by binding to both cell surface receptors and structural ECM components. Two other 

important matricellular proteins in the CNS are SPARC and TSP-1. TSP-1 binds to CD36 on 

endothelial cell surface to inhibit angiogenesis.71  

1.3.1.2 GBM ECM 

The unique ECM of GBM, also predominantly composed of HA, contributes to the 

extensive invasion of GBMs within the CNS and constrains the very rare metastatic spread outside 

of the CNS.50,72,73  HA content correlates with GBM malignancy. High and low molecular weight 

HA are found at elevated levels in GBM stroma, with low molecular weight HA involved in 

angiogenesis, tumor progression, and migration.52 HA receptors, CD44 and RHAMM, and 

integrins on the tumor cell surface facilitate cell adhesion to and migration along the ECM.50,73 

Binding of tumor cells to ECM regulates the cell motility and the protease production, facilitating 

remodeling of the local ECM. Low molecular weight HA and HA fragments are involved in 

immune regulation by transducing signals through the toll-like receptors (TLR), such as TLR4, on 

macrophages, inducing M2-like phenotypes.74 Expression patterns of many proteoglycans are 

altered in the GBM stroma. Brevicans, also known as brain-enriched hyaluronic acid binding 

proteins, are elevated in GBM stroma and involved in GBM growth and progression.55,64 The V2 

versican isoform is downregulated in the GBM stroma, whereas V0/V1 isoforms interact with 

transforming growth factor-β2 (TGF-β2) to promote tumor progression.75 Upregulated levels of 

TN-C and SPARC in the pericellular ECM within the GBM stroma suggest potential roles in 

angiogenesis. TN-C overexpressed by tumor cells is also involved in TAM activation and 

correlates with GBM stiffness.54 The expression of TN-R diminishes in higher grade gliomas, but 

its role remains unclear.58 TSP-1, known to be anti-angiogenic, is downregulated in the GBM 

stroma, consistent with the hypervascularity in the GBM TME.50 Osteopontin is a matricellular 
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phosphoglycoprotein capable of promoting tumor progression and metastasis by interacting with 

CD44 and integrins. Overexpression of osteopontin in the GBM microenvironment induces M2 

phenotypes in TAMs, maintains the stemness of GSCs, induces angiogenesis, and enhances tumor 

cell migration.54,60 Fibronectin and vitronectin, which are components of the BM, are also 

overexpressed in GBM, reported to regulate tumor cell adhesion, cohesion, and invasion, and 

activate microglia.76,77 Overall, changes in ECM composition and expression levels create positive 

feedback with GBM growth and invasion, resulting in fast tumor progression and poor prognosis.  

The constant remodeling of ECM within the tumor stroma, the invasive edges, and the non-

tumoral brain parenchyma of the GBM patient leads to detectable changes in mechanical properties 

of the microenvironment. Stiffness of tumor stroma ranges from 11.4 kPa to 26 kPa, and the non-

tumoral brain regions of GBM patient have a stiffness of 7.3 ± 2.1 kPa, much stiffer than that of 

the healthy brain.78–81  

1.3.2 Cellular compositions and functions 

Cellular composition, function, and interactions with other cells in the GBM 

microenvironment have been extensively studied and reviewed.82–84 Key information is provided 

here to introduce the essential cellular components and their roles. 

The GBM TME heterogeneous cell populations (Figure 1.2). Major non-neoplatic stromal 

cells within the GBM TME include TAMs, microglia, astrocytes, neurons, mesenchymal stem 

cells (MSCs), and perivascular cells. In the necrotic region of GBM, up to 30-50% of the tumor 

mass is composed of TAMs with an M2 pro-tumor phenotype.85 The M2 phenotype is anti-

inflammatory, creating an immunosuppressive TME that promotes tumor growth. Macrophages 

derived from circulating monocytes are recruited to the GBM site due to compromised BBBs and 

perturbations in brain homeostasis, whereas microglia are CNS resident immune cells that become 

activated in response to tumor-derived cues. 
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Figure 1.2 Cellular and ECM compositions of brain parenchyma and GBM microenvironments. 

These immune components promote tumor invasiveness through upregulation of matrix 

metalloproteases (MMPs), such as MMP-2 and MMP-9.86 Astrocytes can be recruited and 

activated by tumor cells through multiple modes of communication, including extracellular 

vesicles and efflux transporters. Tumor-associated, reactive astrocytes promote the invasion of 

CD133-positive glioblastoma stem cells (GSCs) and secrete anti-inflammatory cytokines, such as 

TGFβ, that suppress anti-tumor immune respones, resulting in an overall immunosuppressive 

GBM microenvironment.87,88 Glutamatergic synaptic communications between tumor cells and 

neurons promote GBM growth and invasion, and other neuronal effects on GBM have been 

attributed to autocrine signaling and paracrine signaling.89 MSCs are also important stromal 
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components in the GSC niche that can promote a mesenchymal tumor transcriptional state and 

mediate tumor proliferation through interlukin-6 and exosomes containing miRNA-1587.90,91 

Neoplastic tumor cells are not homogeneous populations; single cell -omics studies 

confirm multiple cellular states, including stem cell-like GSCs, which promote tumor initiation, 

therapeutic resistance, and regrowth after therapy.92,93 GBM cells diffusively invade into the brain 

parenchyma, precluding complete surgical removal. Adhesion molecules, including CD44 and 

receptor for hyaluronan mediated motility (RHAMM), are expressed on the cell surface of GBM 

cells, augmenting adhesion and migration along brain ECM rich in HA.72 Neoplastic cells remodel 

the local ECM to assist invasion through secretion of multiple proteases, such as MMPs and 

plasminogen activators (PAs).50 GBM rarely metastasize outside the CNS, suggesting that 

neoplastic cells have adapted to the distinct CNS microenvironment.  

1.4 Relevant biomaterials for modeling GBM 

Biomimetic 3D models require biomaterials with good biocompatibility and tissue-specific 

properties, including appropriate biophysical/biochemical properties and degradation kinetics.8 

Biomaterials form structural networks that foster cell adhesion, proliferation, and migration, and 

provide specific spatiotemporal cues to modulate cell behaviors. Here we discuss biomaterials in 

the order of their relevance to the brain microenvironment and appropriateness for 3D modeling 

and 3D bioprinting (Table 1.3). Two primary categories of biomaterials include: (1) natural 

materials that are constituents of the native tissue ECM, and (2) synthetic materials with good 

biocompatibility. Natural materials are innately biocompatible and bioactive, possessing 

biochemical and biophysical features that result in exceptional biomimicry, and can be remodeled 

or cleared through natural degradation mechanisms. Alternatively, synthetic materials have 

defined chemical structures and tunable properties, but lack the innate bioactivity or physiologic 
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degradation mechanisms. However, synthetic materials can be modified to incorporate adhesive 

peptides or cleavable linkers to mimic the functional or structural properties of the native ECM.54 

It is common for 3D modeling to combine several biomaterials to take advantage of the collective 

properties of each individual component.  

For clarity, biomaterials suitable for bioprinting processes will henceforth be referred to as 

bioinks. Developing bioinks with good printability and biomimicry is critical to 3D bioprinting 

applications. The printability of bioinks include various aspects, such as viscosity, thermo-

sensitivity, and photosensitivity, depending on the specific bioprinting modality. Additionally, 

rheological properties, crosslinking mechanisms and kinetics, and post-printing mechanical 

properties, such as the elastic modulus and the swelling ratio, are important parameters of the 

bioinks.19 To enhance biomimicry, bioinks are often integrated with cells, growth factors, 

cytokines, and other molecules to accommodate specific biological applications. 

 

 

 

 

 

 

 

 

 

 

 

 



19 

 

 

Table 1.3 Brain-relevant natural and synthetic biomaterials. 

Material Type Crosslinking 
mechanisms 

Common 
modifications 

Composite with 
other 
biomaterials 

Brain-relevant 
elastic modulus 

Ref. 

HA Natural 
polysaccharide 

Photo-
crosslinking, 
shear 
thinning 

Methacrylic 
anhydride, 
glycidyl 
methacrylate, 
thiol, RGD 
peptide 

Collagen, gelatin, 
GelMA, chitosan, 
laminin, fibrin, 
PEG, PU 

11 Pa to 3.5 kPa 12,72,94–

101 
 

Gelatin Natural protein Thermal, 
photo-
crosslinking, 
enzymatic 

Methacrylate HA, PU, 
collagen, 
PEGDA, fibrin, 
alginate, chitosan, 
fibrinogen 

0.49 – 12.8 kPa 102–108 

dECM Natural mixture Relies on 
composite 
material 

- Collagen  78.09 ± 29.22 Pa 109 

Collagen Natural protein Thermal, 
Photo-
crosslinking 

Methacrylate HA, GelMA, 
fibrin, agarose, 
riboflavin 

0.9 – 3.6 kPa 100,110–

112 

Matrigel Natural mixture Thermal  - PEG, gelatin, 
alginate, agarose 

0.4 kPa 113–116 

Fibrin Natural protein Enzymatic - HA, collagen, 
laminin 

0.058 – 4 kPa 99,117,118 

Silk 
fibroin 

Natural protein Photo-
crosslinking, 
Thermal 

Methacrylate   Collagen, gelatin 17.1 ± 7.8 kPa 44,119 

Gellan 
gum  

Natural protein Calcium ions, 
photo-
crosslinking 

RGD peptide, 
methacrylate 

GelMA 6.4 – 17.2 kPa 120,121 

PNIPAAm Synthetic 
polymer 

Thermal - PEG 1.4 – 3.8 kPa 122,123 

PU Synthetic 
polymer 

Thermal, 
Photo-
crosslinking 

- HA, gelatin 0.6 – 8.1 kPa 106,124 

PEG Synthetic 
polymer 

Photo-
crosslinking, 
click 
chemistry 

Methacrylate, 
thiol, 
diacrylate, 
RGD peptide 

HA, GelMA, 
PNIPAAm, 
laminin 

1 – 26 kPa 79 

SAP Synthetic 
peptide 

Self-assembly - - 0.3 – 5.3 kPa 125,126 
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1.4.1. Natural biomaterials and their derivatives 

1.4.1.1. HA  

HA is a negatively charged, linear polysaccharide composed of alternating D-glucuronic 

acid and N-acetyl-D-glucosamine, synthesized at cell plasma membranes of neurons and glial 

cells.127 Due to the predominance of HA in the brain and GBM stroma and its critical role in 

regulating diverse physiological and pathological processes through interaction with cells and 

other ECM components, HA-based hydrogels are the most relevant matrix materials for modeling 

brain tissues and brain tumors. HA hydrogels have nanoporous structures and a range of elastic 

modulus recapitulating the brain and the GBM stroma.95 HA has been combined with various 

biomaterials, including type I collagen,97 gelatin methacrylate (GelMA),72 chitosan,98 laminin, 

fibrin,99 and PEG79 to fabricate 3D GBM models. HA demonstrates size-dependent regulatory 

behaviors, so the range of molecular weight of HA should be considered when designing specific 

models. HA with over 1,000 kDa is appropriate for modeling the healthy brain tissue, while HA 

with lower molecular weight has been observed in GBM stroma and affects GBM progression and 

migration. By fixing the poroelastic properties of a series of HA-GelMA hydrogels, lower 

molecular weight HAs (10 kDa and 60 kDa) result in higher invasiveness compared to higher 

molecular weight HA (500 kDa). The molecular weights of HA did not affect the elastic modulus 

of HA-GelMA hydrogels; all groups were measured around 3 kPa.72 Scaffolds made of HA, 

laminin, and fibrin support human neural precursor cells (NPCs) growth and vascular formation.99  

Chemical modifications to generate HA derivatives appropriate for 3D modeling or 3D 

bioprinting have been previously reviewed.95 Modifications generally target the carboxylate group 

on the D-glucuronic acid moiety, the N‐acetyl group on the N-acetyl-D-glucosamine moiety, and 

the hydroxyl groups on both moieties. HA-derivatives form hydrogels through radical 

polymerization. For example, HA functionalized with glycidyl methacrylate or methacrylic 
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anhydride on the C-6 hydroxyl group of the N-acetyl-D-glucosamine to form GMHA or 

methacrylated HA (MeHA) can be photopolymerized to form hydrogel in the presence of photo-

initiators, such as lithium phenyl-2,4,6-trimethylbenzoylphosphinate (LAP).95 GMHA and MeHA 

are suitable bioinks for light-assisted bioprinting due to their rapid photo-polymerization ability. 

Liver tissues and GBM models have been bioprinted using GMHA-based hydrogel mixture.4,12 

MeHA has also been functionalized with Arg-Gly-Asp (RGD) peptides to facilitate cell adhesion 

to the 3D matrix.94 Another method to form HA-based hydrogel is through addition and 

condensation reactions. HA thiol derivatives spontaneously crosslink through disulfide bond 

formation in air without initiators, making it a good bioink candidate for extrusion or inkjet 

bioprinting.96 Aldehyde-, dihydrazide-, and haloacetate-modified HA form biocompatible 

hydrogels through addition and condensation reactions.  

1.4.1.2. Gelatin 

Gelatin is a partial hydrolysis product of collagen. Gelatin and its derivatives are widely 

used in 3D tissue modeling due to their inherent bioactive features including integrin binding RGD 

sequences and MMP digestion sites. Coculture of perivascular niche (PVN) cells and GBM cells 

in a 3D gelatin matrix demonstrated elevated levels of angiogenesis and ECM remodeling 

compared to tumor cells or PVN cells cultured alone.103 Due to good rheological properties and 

thermally responsive characteristics, gelatin-based materials are popular bioinks used in extrusion-

based bioprinting.128 Encapsulation of hepatocytes has been achieved with gelatin hydrogel, and 

the 3D-printed tissue remains viable and functional over two months of culture.108 Gelatin can also 

be combined with synthetic materials, such as PU, to improve its printability in terms of longer 

bioprinting window and higher resolution. A gelatin-PU matrix allowed high viability and 

proliferation of MSCs.106 GelMA is a versatile derivative of gelatin also popular for 3D 
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bioprinting. GelMA is developed by modifying the lysine and hydroxyl groups with 

methacrylamide and methacrylate side groups, rendering the prepolymer GelMA bioink photo-

polymerizable in the presence of photo-initiators under UV exposure.104 GelMA preserves the 

biological features of gelatin and enables tunable mechanical properties of 3D matrices. GelMA 

can serve as the base matrix material to facilitate investigation of other functional ECM such as 

HA in brain-related studies. The effects of biochemical cues from HA on tumor growth have been 

investigated by mixing gelatin-based matrix with different amounts of soluble or immobilized 

HA.107 The expression of angiogenic markers and hypoxia markers demonstrate biphasic peaks 

when HA concentration falls between 0.3% and 0.5%.105 GelMA-based hydrogels can generate 

gradients of HA, crosslinking density, and GBM cell density.105 Spatially gradated matrix reveals 

that tumor cell proliferation and pro-angiogenic expressions correlate with the local crosslinking 

density and tumor cell density, whereas the local MMP2 expression inversely correlated with the 

cell density. GelMA has also been combined with PEGDA to generate cardiac patch for the 

treatment of myocardial infarction.129  

1.4.1.3. Collagen 

Collagen is a ubiquitous ECM component in most body tissues. Although the brain is 

virtually absent of the fibrillar collagen type I, the vascular basement membrane is abundant with 

collagen type IV and some collagen type V. Thus, collagen-derived biomaterials are appropriate 

for modeling the BBB. Nonetheless, various GBM studies have exploited collagen biomaterials 

due to their well-studied gelation mechanism, including pH-based and temperature-based, 

abundance of cell binding sites, and tunable mechanical properties to match tissue-specific 

requirements. GBM cells adopt different morphologies in 3D matrices by collagen types: round in 

type IV and spindle-like in type I/III.100 Collagen is commonly combined with other biomaterials, 
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including HA, agarose, and synthetic materials, for tissue modeling. In a hybrid matrix with HA, 

only collagen type IV, not type III, supports GBM cell proliferation.101 Pure collagen solutions 

have relatively slow gelation process and low viscosity.130 Increasing the concentration of collagen 

or including riboflavin in the pre-polymer solution improves bioprinting accuracy.110,111 Inclusion 

of riboflavin increases the storage modulus of collagen bioinks, improving printability. Gelation 

of collagen-based bioinks is usually thermally controlled or pH-driven, and collagen-based 

bioprinting has been used in tissue engineering applications, including heart regeneration and liver 

modeling.130–132 The hydrogel elastic modulus can be tailored between 0.9 kPa and 3.6 kPa, which 

is suitable for brain tissues.110 

1.4.1.4. Decellularized ECM (dECM) 

DECM is obtained by removing all cellular components of a tissue while preserving most 

of the tissue-specific and patient/host-specific ECM structures and components, retaining native 

ECM cues conducive to cell growth.42 The analysis of GBM patient brain tissue-derived dECM 

has demonstrated that GAGs, HA, collagen IV, laminin, and fibronectin are not significantly 

disturbed after processing, thus appropriate as an in vitro modeling biomaterial.109 Patient brain 

dECM has been mixed with collagen to achieve better gelation through extrusion-based biopriting. 

Compared to cells in the collagen control, disseminated single cells have heterogeneous and 

rounded morphologies in the patient dECM-based matrix. Moreover, GBM cells in dECM-based 

matrix express increased level of matrix remodeling protein MMP9 and HA-related genes, 

including Hyal1, Hyal2, HAS2, and CD44.109 While the slow gelation kinetics of dECM-based 

hydrogels often necessitate the integration of dECM bioinks with other biomaterial to improve 

printability, recent studies have induced thermal gelation of the dECM bioinks alone.133–135 

Bioinks based on dECM have been developed for various tissues, such as cartilage, heart, adipose, 
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liver, and tumors, and demonstrate good printability on extrusion-based and DLP-based 

bioprinters.42,134–137 However, dECM is usually derived from an individual’s tissue and contains a 

variety of natural proteins and polysaccharides, so variation is inevitable and control over specific 

variables is challenging. Despite the limitations, dECM with its potential in GBM modeling for 

individual patients, remains an exceptional choice of biomaterial for precision medicine 

applications. 

1.4.1.5. Matrigel  

Matrigel is a thermally curable mixture of ECM components derived from murine 

Engelbreth-Holm-Swarm sarcoma, composed of about 60% laminin, 30% collagen type IV, 8% 

nidogen, and other growth factors and proteoglycans. Its similarity to the vascular ECM 

composition makes it especially suitable for BBB modeling.49 As a result, Matrigel is broadly used 

for vascular formation and related studies in vitro. GBM organoids have also been developed in 

Matrigel, with cells within the organoid displaying hypoxic gradients and heterogeneity in 

stemness and proliferation.5 However, the majority of proteins in Matrigel are present in low 

amounts in the brain (excluding the BBB) or GBM, making it a suboptimal choice for GBM 

modeling, even though many studies have demonstrated good GBM cell viability and proliferation 

in the matrix. Limitations of Matrigel include its animal origin, batch variation that reduce 

experimental reproducibility, and limited control over the physiochemical properties of the formed 

3D matrix. Matrigel also has limited printability due to its relatively poor mechanical properties 

and lack of photo-sensitivity, and thus it is often combined with other biomaterials, such as 

agarose, alginate, and gelatin, to fabricate scaffolds or tissue models using 3D bioprinting 

technologies.114–116 

1.4.1.6. Fibrin 
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Fibrin is formed by crosslinking of fibrinogen and thrombin. Mechanical properties of 

fibrin hydrogels depend mainly on the concentration of fibrinogen and to the lesser extent on the 

thrombin. Stiffness ranging from 0.058 kPa to 4 kPa, a relevant range for brain applications, can 

be achieved with a fibrin matrix.117 Co-culture models of GBM spheroids and endothelial cells in 

a fibrin matrix have been used to test anti-angiogenic compounds.118 Vascular endothelial growth 

factor (VEGF)-loaded fibrin hydrogels support neural stem cell growth and migration compared 

to fibrin matrix with no VEGF or VEGF-loaded collagen hydrogel, demonstrating beneficial 

properties of fibrin matrices to embed growth factors for extended culture time.112 Similarly, 

improved cell proliferation and prolonged persistence have been observed for cytotoxic human 

MSCs cultured in fibrin matrices, enabling MSC-based GBM therapy to suppress post-surgical 

recurrence.138 Fibrin-based bioinks are popular with extrusion-based bioprinting. Fibrin bioinks 

have been mixed with gelatin, alginate, or HA to improve its mechanical and biochemical 

properties, and have generated various tissue models including GBM models, cardiac tissues, and 

dentin-pulp complex.139–141   

1.4.1.7. Others 

Other natural biomaterials that are not native in the brain but with good biocompatibility 

and printability have also been explored for CNS studies. Silk fibroin (SF) have been used for 

neural network formation and gellan gum for multilayer neural circuit formation.119,120 The range 

of stiffness of the SF hydrogels and GG hydrogels is appropriate for modeling the GBM stroma. 

A human GBM cell line exhibited distinct responses in two types of SF hydrogels – enhanced 

viability and proliferation in the random coil type and induced apoptosis in the crystalline type.142 

SF hydrogels with tunable mechanical properties and post-printing degradation rates can also be 

adapted to different bioprinting applications.143 Other non-network-forming ECM components 
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present in the native tumor stroma or the BBB may be incorporated into 3D matrices with the 

above-mentioned hydrogel-forming biomaterials to improve the material biomimicry in future 

studies. 

1.4.2 Synthetic Biomaterials 

Despite a non-biological origin, synthetic biomaterials can be readily modified to have 

mechanically and biochemically robust properties and degradation kinetics for biological 

modeling. By functionalizing with cell adhesion peptides and MMP-cleavable sequences, or 

mixing with other natural biomaterials, synthetic biomaterials-based hydrogels can create 

microenvironments with comparable properties to native ones. Models based on synthetic 

biomaterials generally have good scalability and reproducibility due to their synthetic nature. In 

addition to cell-encapsulating models, synthetic materials are suitable for fabricating cell culture 

scaffolds, microfluidic devices, or implantable devices. GBM cells cultured on polystyrene 

scaffolds have generated more clinically relevant drug efficacy predictions for TMZ, erlotinib, and 

bevacizumab than traditional 2D cultures.144  

1.4.2.1. Synthetic polymers 

Poly(N-isopropylacrylamide) (PNIPAAm), PEG, and PU are synthetic biomaterials that 

have been used for GBM studies. PNIPAAm and its composite materials are thermo-responsive 

hydrogels and demonstrate good printability on extrusion-based bioprinters.145 PNIPAAm 

embedded with gold nanorods can be printed with multiphoton lithography to achieve a nano-scale 

resolution and post-printing dynamic modulations.146 Primary GSCs cultured in a PNIPAAm-PEG 

matrix retain stemness over long-term culture and can be easily retrieved and re-encapsulated by 

adjusting the temperature of the hydrogel.122 The hydrogel can expand GSCs into large numbers 

necessary for screening purposes. PEG is a popular biomaterial for 3D tissue modeling due to its 

good biocompatibility, inert biochemical properties, and tunable mechanical properties.43 PEG  
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and its deriviatives can be readily modified with bioactive components to enhance its biomimicry 

and printbility as bioinks.147–149 PEG hydrogels mixed with fixed concentration of HA and 

functionalized by RGD peptides and MMP degradation crosslinkers, have been used to investigate 

the stiffness impacts on GBM progression.79 GBM cells cultured in a stiff PEG hydrogel (26 kPa) 

form denser tumor spheroids compared to the cells in a softer structure (1 kPa). PEGDA is a 

derivative of PEG that have demonstrated broad applications in 3D bioprinting due to its 

biocompatibility and photo-polymerizability.46 PEGDA has been used to form microwells for the 

in vitro culture of glioblastoma cells or co-culture of glioblastoma cells with endothelial cells for 

high throughput drug screening.150,151  PU hydrogels are thermo-responsive and biodegradable. 

Neural stem cells embedded in a water-based PU hydrogesl through 3D bioprinting have 

demonstrated excellent growth and differentiation potential.124  

1.4.2.2. Self-assembled peptides 

Self-assembled peptide (SAP)-based hydrogels are crosslinked by physical or chemical 

bonding of the peptides, forming organized nanofibrous β-sheets resembling the native ECM 

structures.152 Peptides are chains of amino acids that possess innate biological properties. Fibrous 

SAP hydrogels have tunable mechanical properties and controllable stimuli-responsive gelation 

processes (e.g. enzymatic triggering), making them promising bioinks for extrusion-based 

bioprinting.126,153 Proof-of-concept extrusion-based printing of fluorecent SAP hydrogels 

demonstrate good mechanical stability and low erosion rate in solutions.154 The injectability of 

SAP and its ability to adapt to irregular shapes also makes it a good candidate for CNS 

regenerations, such as BBB repair or brain tissue repair after GBM surgery. A peptide RADA16-

SVVYGLR-forming hydrogel with a stiffness between 0.326 kPa and 5.336 kPa injected into the 

brain of a zebrafish brain injury model induces both angiogenesis and neurogenesis.125  
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1.5 Research Objectives 

 Although current advances in additive manufacturing, material science, and biology such 

as single cell sequencing provide many essential tools and information needed to fabricate 

constructs with the living cells in vitro, there remain substantial challenges with modeling the 

complex and highly heterogeneous tissue microenvironment. The objectives of this thesis are 

investigating and modeling the ECM properties and cellular microenvironment of the GBM and 

using the developed 3D-bioprinted GBM models to investigate cellular interactions, 

transformations, and drug susceptibilities. 
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CHAPTER 2 Establishing Glioblastoma Extracellular Matrix Heterogeneity 

2.1 Abstract 

GBM is the most lethal primary brain tumor characterized by high cellular and molecular 

heterogeneity, hyper-vascularization, and innate drug resistance. Current treatment options include 

a combination of surgical resection, radiotherapy, and chemotherapy primarily with 

temozolomide, but the prognosis is poor with an average life expectancy of 15 months. Despite 

significant research and drug development efforts, therapeutic advances to treat glioblastoma 

remain stagnant. Cellular components and ECM are the two primary sources of heterogeneity in 

GBM. One of the major roadblocks in understanding the genetic basis of the cancer and developing 

new therapies is the lack of physiologically relevant and patient specific GBM tumor models. Here, 

we develop biomimetic tri-regional GBM models with a tumor region, an acellular ECM region, 

and an endothelial region – with regional stiffnesses patterned corresponding to the GBM stroma, 

pathological or normal brain parenchyma, and brain capillaries. Patient-derived GBM cells, human 

endothelial cells, and hyaluronic acid derivatives are used to generate a species-matched and 

biochemically relevant microenvironment. This in vitro study demonstrates that biophysical cues 

are involved in various tumor cell behaviors and angiogenic potentials and promote different 

molecular subtypes of GBM. The stiff models are enriched in the mesenchymal subtype, exhibit 

diffuse invasion of tumor cells, and induce protruding angiogenesis and higher drug resistance to 

temozolomide. Meanwhile, the soft models demonstrate enrichment in the classical subtype and 

support expansive cell growth. The 3D bioprinting technology utilized in our study enables rapid, 

flexible, and reproducible GBM modeling with biophysical heterogeneity that can be employed 

by future studies as a tunable system to interrogate GBM disease mechanisms and screen drug 

compounds.  
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2.2 Introduction 

GBM is the most lethal CNS cancer that has a notable short median patient survival time 

of 14.6 months.1 Therapeutic dilemma of GBM results from its genetic heterogeneity, diffusive 

infiltration, hyper-angiogenesis, and innate resistance to treatments. GBM is characterized by a 

unique ECM composition, mainly composed of HA, glycosaminoglycans, proteoglycans, and 

glycoproteins, and lack of collagens.2 Proteases secreted by cells within the GBM tumor 

microenvironment (TME) constantly remodel the ECM, leading to altered expression of ECM 

components as well as changes in biophysical properties such as the stiffness.2 Dynamic 

interactions of the ECM with cells regulate GBM initiation, progression, invasion, and treatment 

responses through both biochemical and biophysical cues. The role of biochemical cues of ECM 

on tumor cells have been widely studied owing to the availability of ECM-derived materials that 

can be used for cell culture.3–5  Biophysical cues such as stiffness, geometry, and topography 

regulates gene expression and cell behaviors, and cells reciprocally exert forces on ECM and 

remodel the microenvironment.6 Mechanoreciprocity involved in these dynamic interactions has 

been identified to cause tissue stiffening in several cancer types. However, precisely creating the 

biophysical properties in vitro and investigating their roles in GBM are relatively challenging using 

traditional tissue engineering techniques. Hyper-angiogenesis is another characteristic of GBM 

that promotes GBM growth and invasion.7 Biophysical cues of the TME regulate the abnormal 

tumor angiogenesis, and anti-angiogenesis treatment leads to changes in GBM stiffness.8,9 

However, models for investigating the angiogenesis activity of endothelial cells and GBM cell 

responses to vascularization in a stiffness-matched model has not been developed.  

In vitro 3D models have gained popularity in investigating the cellular crosstalk and cell-

ECM interactions due to their improved biomimicry compared to conventional models. Organoids 

as a self-assembled 3D model system have been explored for various cancer types, including 
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pancreatic cancer, bladder cancer, as well as GBM.10–12 Organoids generally better retain the tumor 

heterogeneity and transcriptional signatures compared to the traditional 2D culture. However, 

organoids are limited by innate variations and limited control over the structures due to the self-

assembly process. Among various biofabrication technologies, 3D bioprinting enables cell-

encapsulation in native ECM-derived biomaterials with defined architectures and matrix 

properties, and thus is increasingly employed for modeling complex cellular tissues and 

investigating the role of ECM in cancer progression.13 3D-printed models have successfully 

modeled the cellular heterogeneity, a characteristic of many cancer types including GBM, by 

creating a stromal layer surrounding a tumor zone, for the investigation of stromal impacts on 

tumor development and treatment responses.14–16 In addition to cellular components, ECM is 

another critical aspect of the tumor microenvironment. Previously, polyethylene glycol (PEG)-

based or HA-based hydrogels with different stiffnesses have been developed to evaluate stiffness 

impact on GBM cell growth.17,18 PEG-HA composite hydrogels with tunable stiffnesses 

independent of the HA concentration have been employed for 3D culture of GBM cells.19 Most 

studies either investigated ECM biophysical impacts on GBM using hydrogels with a bulk stiffness 

or relied on synthetic materials to modulate the stiffnesses.17 Use of synthetic materials reduces 

the biomimicry of models due to the lack of proper biochemical cues. Stiffnesses of the tumor 

stroma, brain parenchyma, and brain capillaries are not homogeneous in vivo, thus hydrogels with 

bulk mechanical properties may also be insufficient to recapitulate the TME.17,20–23 Investigating 

the biophysical aspects of ECM requires 3D matrices that can faithfully recapitulate native 

architectures as well as mechanical properties. Digital light processing (DLP)-based bioprinting is 

a rapid biofabrication technique compatible with various light-sensitive biomaterials.24 Several 

tissue models and cancer models have been developed using this technology and ECM-derived 
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biomaterials.15,24–26 Orthogonal control of biophysical properties and biochemical cues have also 

been achieved using DLP-based printing and ECM-derived materials, making the technology ideal 

for the investigation of biophysical impacts on GBM development within a biomimetic ECM-

based model.27,28 

We hereby developed the first species-matched in vitro models that recapitulate the 

biophysical heterogeneity of GBM – with regionally varied stiffnesses corresponding to GBM 

stroma, pathological or healthy brain parenchyma, and brain capillaries – based on patient-derived 

cells and HA derivatives via DLP-based bioprinting. HA-based biomaterial and patient-derived 

cells enable the evaluation of biophysical impacts on GBM in a biochemically relevant and 

species-matched microenvironment. By adjusting printing parameters and the concentrations of 

the biomaterials, we were able to modulate the stiffness of three distinct regions in 3D-printed 

GBM models with a constant HA concentration. Modeling the biophysical heterogeneity 

potentially enhanced the biomimicry of models. Changes associated with tumorigenesis, including 

cell morphologies, invasion behaviors, gene expressions, angiogenic potentials, and drug 

responses rapidly occurred within two weeks in the 3D-printed GBM models with different 

stiffness conditions. The stiff ECM microenvironment induced the mesenchymal phenotype 

associated with recurrence and poorest treatment outcomes in patients. The soft ECM 

microenvironment promoted rapid cell proliferation and supported the expansion of cells with the 

classical phenotype. Endothelial cells incorporated in the 3D-printed GBM models also 

demonstrated different modes of growth and interaction, such as protruding morphologies in the 

stiff models and expansive growth in the soft models. Endothelial co-culture also induced 
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differential drug responses in the GBM cells in the 3D-printed models, suggesting their potential 

roles in GBM drug resistance.  

2.3 Results 

2.3.1 3D bioprinted GBM models with regionally varied biophysical properties 

 

Figure 2.1 3D-bioprinted GBM models with regionally varied biophysical properties. 

GBM tumor cells respond to the complex ECM cues and constantly remodel the ECM as 

cancer progresses. The remodeled ECM affects both the tumor survival and progression, and other 
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critical stromal cell events such as angiogenesis by the endothelial cells. To recapitulate the 

spatially inhomogeneous ECM microenvironment and interrogate how ECM heterogeneity 

impacts on GBM development and endothelial cell growth, we utilized our DLP-based 3D 

bioprinting system and brain tumor-specific ECM-derived bioinks consisted of glycidyl 

methacrylate hyaluronic acid (GMHA) and gelatin GelMA, to create four different models: the 

tumor-only stiff model, the tumor-only soft model, the coculture stiff model, and the coculture soft 

model (Figure 2.1A). The 3D bioprinting system utilized a digital micromirror device chip 

consisting of over a million independently controlled micromirrors and a light source to project 

predesigned patterns on the bioink, allowing rapid polymerization of each region with 20-30 

seconds of light exposure. A complete multi-stiffness GBM model could be created within 2 

minutes. Considering the diffusion limit of nutrition and oxygen, the models were designed with 

a thickness of 250 µm. For each model, four initial tumor regions were generated with GBM cells 

with a diameter of 500 µm, surrounded by a donut-shape acellular ECM region with the ring width 

of 500 µm. For coculture models, an additional endothelial region was printed with human 

umbilical vascular endothelial cells (HUVECs) to encompass the tumor and ECM regions (Figure 

2.1B). Matrix stiffness of the tumor core and the endothelial regions was designed to mimic that 

of GBM patient tissues (7 kPa) and normal brain tissues (0.45 kPa).21 Encapsulating the GBM 

cells in a pathologically stiffened matrix was to mimic their physiological conditions and promote 

cell growth. Both the tumor cells and endothelial cells demonstrated high viability in their 

corresponding hydrogel environment through one week of culture.20–23 Clinical measurements 

indicated that the matrix stiffness could increase up to 26 kPa in GBM tissues.17,22,29,30 For the 

ECM regions, two different stiffnesses, 21 kPa (hereby referred to as stiff models) and 2 kPa 

(referred to as soft models), were designed to mimic the GBM tissue stiffness and healthy brain 
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stiffness (Figure 2.1C). Leveraging the GelMA concentration and printing parameters, we were 

able to obtain desired stiffness for each region while keeping the HA content constant across all 

models. Keeping a constant HA concentration avoided potential impacts on the tumor cells due to 

the difference in the amount of biochemical cues provided by HA. For all three ranges, hydrogel 

stiffnesses remained stable through one week of incubation at 37 ºC and 5% CO2, the same 

condition used for all samples. Difference in the appearance of stiff and soft ECM hydrogels was 

observed using bright field imaging or scanning electron microscopy (SEM) (Figure 2.1D). The 

pore sizes of the stiff ECM were significantly smaller than the pore sizes of the soft ECM. We 

further used these 3D-printed GBM models with regionally varied mechanical properties to 

perform various assessments and studies, including gene expressions, drug responses, tumor cell 

migration behaviors, and angiogenesis activities, occurred in response to the biophysical cues and 

culture conditions (Figure 2.1E).  

2.3.2 3D models have distinct transcriptional profiles compared to sphere culture 

Traditional cell culture methods including 2D culture and sphere culture have been 

extensively used for in vitro expansion and maintenance of GBM cells. Patient-derived cells 

cultured as spheres in serum-free conditions were enriched for GBM stem cells that better replicate 

the transcriptional signatures of the original tumor tissue than cell line-based 2D cultures. 

However, studies have demonstrated that cells maintained in traditional culture conditions still 

display distinct transcriptional profiles and cellular dependencies compared to primary tissue, 3D 

culture, or xenografts.15,31 
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Figure 2.2 Distinct transcriptional profiles between the GBM sphere culture and 3D models. 

Global transcriptome profiling was performed through RNA extraction and RNA 

sequencing (RNAseq) on TS576 GBM cells cultured as spheres and isolated from the tumor-only 

3D soft and the tumor-only 3D stiff conditions. We first interrogated the difference among the 

sphere culture and the two 3D conditions to investigate the impact of 3D culture and ECM cues 

on the transcriptional signature of tumor cells. Principal component analysis revealed that the 

sphere culture had a drastically different transcriptional profile compared to either 3D conditions, 

while the difference between the two 3D conditions was to a lesser extent (Figure 2.2A). A few 

protein-coding cancer-related genes or prognostic genes were significantly upregulated over 16 

folds in both 3D conditions, such as SLCO2A1, TCN1, and NTN4. Overexpression of the solute 

carrier organic anion transporter SLCO2A1 has been observed in GBM cells compared to normal 

brain tissues, promoting colon cancer tumorigenesis and mediating lung cancer invasion through 

the PI3K/AKT/mTOR pathway.32–34 TCN1 encodes vitamin B12 binding proteins and is a 

prognostic marker in renal cancer. NTN4 promotes GBM proliferation and is associated with TMZ 

resistance.35,36 Genes significantly downregulated in both 3D conditions but enriched in sphere 

cultures included CYP24A1, DIRAS2, KANK4, KRT75, and PRSS35 (Figure 2.2B-C). 

We performed a gene ontology (GO) enrichment analysis with the RNAseq results of 

sphere culture and the 3D tumor-only models to investigate the changes in biological processes 
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and molecular functions of the tumor cells in different culture conditions. Cell-cell adhesion via 

plasma-membrane adhesion molecules was over-represented in both 3D conditions compared to 

the sphere culture, demonstrating the biomimetic ECM materials used for printing promoted cell 

adhesion and cellular crosstalk. GO terms about DNA replication, cell cycle regulation, and cell 

division, were significantly over-represented in the 3D soft model compared to the sphere culture. 

Enriched GO terms involved in cellular component organizations such as chromosome 

segregation, organelle fission, microtubule cytoskeleton organization, and spindle organization 

were identified in the 3D soft model. In addition, positive regulation of cell cycles, G1/S phase 

transition and G2/M phase transition, suggests an enhanced proliferation of tumor cells in the 3D 

soft model compared to the sphere culture. Highly enriched term of exocrine system development 

implied that cell differentiation probably occurred in the 3D soft condition. Gene set enrichment 

analysis (GSEA) revealed that compared to the 3D soft condition, sphere cultured cells express 

enriched gene sets involved in STAT pathway, chemotaxis, autophagosome, and cell 

differentiation.  

Cells in the 3D stiff condition also demonstrated distinctly enriched GO terms compared 

to sphere cultures. The protein kinase C (PKC) activity is highly enriched in the 3D stiff condition 

compared to the sphere control, and previous studies have demonstrated that the PKC pathway is 

involved in the aggressive phenotype of GBM.37 Cell adhesion mediated by integrin, cell-substrate 

adhesion, and extracellular structure organization were over-represented by the cells in the stiff 

condition. GSEA comparing the expression of cells cultured as spheres and in the 3D stiff 

condition revealed that sphere cultured cells expressed highly enriched cellular organization and 

modification activities including DNA repair and histone modifications. Sphere culture were also 

enriched in pathways related to signal transduction and metabolism, including NGF-stimulated 
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transcription, MAPK signaling pathways, oxidative phosphorylation, respiratory electron 

transport, complex I biogenesis, response of EIF2AK4 to amino acid deficiency, eukaryotic 

translation elongation, and KEGG ribosome related pathway. 

The changes in gene expression and subsequent functional changes of cells cultured in the 

3D models compared to the control are the combined results of the dimensionality, biochemical 

cues and mechanical cues of the ECM-like matrix, and cellular crosstalk enabled by 3D modeling. 

While in both 3D soft and 3D stiff conditions, biomimetic HA-based hydrogel were used to 

fabricate the models, genes related to cell-ECM interactions were more enriched in the stiff 

condition, suggesting that the stiff microenvironment might have enhanced the cellular response 

to the ECM-derived cues.  

2.3.3 Stiff model promotes hypoxia and tumorigenicity signature in GBM 

We further interrogated the transcriptional profiles of the GBM cells encapsulated in the 

3D stiff and 3D soft models. The amount of HA in the two models was identical so that we could 

evaluate the effects of the biophysical cues from the ECM on the tumor development. Gene sets 

related to hypoxia conditions, cancer invasiveness, E-cadherin loss-induced metastasis, and 

responses to external stimulations including interferons, inflammation, ECM, and cell apoptosis 

were significantly enriched in the stiff model (Figure 2.3A-B). A cut-off of fold change greater 

than 2 and false discovery rate (FDR) less than 0.05 was used to identify the most differentially 

expressed genes (DEGs) in either 3D tumor-only condition.  
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Figure 2.3 Biophysical patterning induced distinct transcriptional profiles and invasion patterns 

of GBM cells. 

Genes significantly elevated by the 3D stiff condition included CHI3L1, IFIT1, OAS1, 

TMEM45A, SAMD9, IFI6, NDRG1, FN1, AQP4, AL136131.3, SPP1, APOL4, VEGFA, SCG3, 

APOL6, DDX58, and PROM1. High expression of CHI3L1 and SAMD9 has been identified to be 



51 

 

 

negatively correlated with GBM patient survival time.38,39 TMEM45A and NDRG1 are involved 

in hypoxia-associated chemoresistance, and the knockdown of TMEM45A reduces glioma 

proliferation and invasion.40–42 FN1 is highly upregulated in GBM and involved in the adhesion, 

growth, angiogenesis, and recurrence of GBM.43  GBM expresses higher level of AQP4 compared 

to low-grade gliomas, and AQP4 with its highest water flux capacity in the CNS is potentially 

associated with tumor edema, migration, and proliferation.44 Long non-coding RNA (lncRNA) 

genes AL136131.3, an antisense to VEGFA, was concordantly upregulated in the stiff condition 

with the angiogenesis markers VEGFA and SPP1. Genes encoding apolipoproteins including 

APOL4 and APOL6 were also significantly upregulated in the stiff condition. IFIT1, OAS1, IFI6, 

and DDX58 are associated with the interferon (IFN) signaling pathways which has been suggested 

to be involved in the immune escape of GBM.45 CD133 (or RPOM1) upregulated in the stiff 

condition is essential for the maintenance of GBM stem cells.46  

Gene sets related to cell cycle regulation, such as phase transition, DNA synthesis, 

chromosome organization, transcriptional regulation, and DNA repair were upregulated in the soft 

condition, more specifically, the most upregulated genes in the soft models included AMH, MT-

ATP8, H3C13, MT-ND6, CAPN15, CTXN1, TEDC1, CHTF18, H2AC4, CDT1, SIVA1, 

MZT2A, ANTKMT, PPDPF, TELO2, ZNF579, H2AC11, SCARF2. AMH belongs to the 

transforming growth factor β (TGFβ) superfamily which plays a role in the initiation and 

progression of gliomas.47 MT-ATP8 and MT-ND6 are mitochondrially encoded genes, and 

ANTKMT regulates mitochondrial respiration. Various cell cycle related genes were enriched. 

H3C13, H2AC4, and H2AC11 are histone genes whose upregulation often occur during the S 

phase of the cell cycle. Genes associated with biogenesis, such DNA replication, DNA synthesis, 

DNA repair, or spindle organization, were also upregulated, including TEDC1, CHTF18, CDT1, 
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SIVA1, MZT2A, and TELO2. CAPN15, CTXN1, and ZNF579 are involved in transcriptional 

regulations or cell signaling. High expression of PPDPF correlates with cancer progression and 

tumor size in hepatocellular carcinoma.48 SCARF2 upregulated in the soft model has been 

suggested as a risk gene for glioma.49 

A hypoxic microenvironment has been shown to promote cell stemness, cancer 

invasiveness, endothelial-mesenchymal transition, and cell-cycle arrest.50 Hypoxia related genes 

including CA IX, HIF1-α, SLC2A1 (encoding glucose transporter 1 protein), and hypoxia-

associated angiogenesis markers VEGFA and SPP1 were upregulated in the stiff condition (Figure 

2.3C). While mRNA expression of the proliferation marker MKI67 of cells from the two 

conditions showed no significant difference, immunofluorescence (IF) staining revealed that more 

KI67 positive cells were present in the soft model, suggesting that post translational regulations 

may be involved (Figure 2.3D). In addition, IF staining showed that the stiff model better 

maintained the overall stemness of the TS576 cells, while the SOX2+ tumor cells were mainly 

located on the invasive edge of the tumor core in the soft model. The astrocytic differentiation 

marker glial fibrillary acidic protein (GFAP) was observed in the soft model but not in the stiff 

mode.  

2.3.4 3D models induce different GBM invasion patterns and transcriptional subtypes 

Using green fluorescent protein labeled tumor cells, the migration patterns of GBM cells 

were imaged on day 7. Distinct modes of invasion were observed (Figure 2.3E). GBM cells 

diffusively migrated out from the original region as single cells or small clusters and proliferated 

with a rounded morphology at new locations in the stiff model. Diffusive invasion is a 

characteristic of GBM making it difficult for complete surgical removal. The cells in the soft model 

expanded from their original location with protrusions, forming invasive margins as observed in a 

GBM mouse xenograft model.51 Multiple invasion patterns have been observed in xenografts, in 
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vitro cell culture, and biopsies, such as single cell invasion, cluster invasion, and expansive-

growth, demonstrating the highly heterogeneous and dynamic behavior of GBM.51,52 The area of 

invasion in the soft models was 7 folds and 4.4 folds higher than in the stiff models for TS576 cells 

and CW468 cells, respectively, consistent with the KI67 staining (Figure 2.3F).  

We next generated a “primary GBM tissue” gene set with a core set of genes upregulated 

in GBM surgical specimens compared to sphere cultured GBM cells in vitro. Principle component 

analysis demonstrated that the sphere culture had a distinct transcriptome profile from primary 

GBM tissues. TS576 cells isolated from the stiff model were highly enriched with the primary 

GBM tissue signatures when compared to TS576 cells isolated from the soft model (Figure 2.3G), 

indicating that the stiff model transformed the cells to a more clinically relevant state. Bulk 

transcriptional profiling of the primary GBM tissue from The Cancer Genome Atlas (TCGA) 

identified three major subtypes of GBM, the proneural, the mesenchymal, and the classical 

subtype, each enriched for different genetic alterations.53 GSEA revealed that gene sets related to 

epithelial-mesenchymal transition (EMT) and mesenchymal signatures were enriched in the stiff 

condition. Expression of genes associated with the mesenchymal subtype such as FN1 and CHI3L1 

were 2-fold and 4-fold higher in the stiff model than in the soft model. PDGFRA commonly altered 

in the proneural subtype had a higher expression level in the stiff model, while EGFR related genes 

commonly amplified in the classical subtype showed higher expressions in the soft model. These 

findings suggested that the stiff model could better model the mesenchymal subtype and proneural 

subtype, while the soft model was more suitable for modeling the classical subtype. The stiffness 

patterned GBM model enables us to create different GBM situations in vitro. 

2.3.5 Endothelial cells exhibit different growth patterns and angiogenic events 

To further investigate the crosstalk between the GBM cells and endothelial cells, we 

incorporated HUVEC into the 3D-printed multi-stiffness models. The endothelial region and the 
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tumor cores were separated by the ECM regions with either the stiff or the soft type hydrogels. 

The spatial separation allowed investigation of paracrine signaling-induced endothelial cell growth 

and migration towards the tumor core as well as the tumor cell migration. In both 3D co-culture 

models, migration of HUVEC towards GBM cells were observed. In the stiff model, the migrated 

CD31+ HUVECs exhibited a sprouted blood-vessel like morphology and were in close contact 

with the SOX2+ GBM cells (Figure 2.4A).  

In the soft model, the HUVECs exhibited expansive-growth morphology without visible 

sprouting. We performed a quantitative real-time PCR (qPCR) on tumor cells isolated from all our 

3D printed models and sphere cultures. Angiogenic markers SPP1 and VEGFA were upregulated 

in all 3D models, and significantly enriched by the stiff culture condition or the co-culture 

condition (Figure 2.4B). 

More specifically, in the tumor-only 3D models, cells expressed significantly higher 

VEGFA in the stiff model than in the soft model; comparing the tumor-only models and the co-

culture models, the co-culture condition significantly increased the expression of VEGFA in the 

tumor cells in both the soft and the stiff conditions. Tumor cells in the stiff co-culture condition 

expressed the highest level of VEGFA and SPP1. Prior studies showed that VEGFA and other 

signals generated by hypoxic tumor cells within the pseudo-palisades near necrotic tumor core 

could trigger sprouting angiogenesis events near the tumor-parenchyma interface, consistent with 

our observation of more active sprouting events in the 3D stiff co-culture model.54,55 
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Figure 2.4 Stiff condition induced sprouting angiogenesis of endothelial cells and enhanced drug 

resistance of GBM cells. 

2.3.6 GBM-endothelial crosstalk enhances tumor invasion and drug resistance 

We then interrogated the impact of co-culture condition on GBM cell behaviors and 

functions. Similar to their tumor-only 3D counterparts, GBM cells in the co-culture models also 

demonstrated different invasion patterns. Tumor cells expanded with a fibroblastic morphology in 

the soft co-culture model, and more rounded morphology in the stiff model (Figure 2.4C). The co-
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culture condition promoted CW468 invasion into the ECM regions in both the soft and stiff models 

and promoted invasion of TS576 cells only in the stiff condition. The observed difference may be 

resulted from the innate heterogeneity of GBM cells. SOX2 was expressed by most tumor cells in 

the stiff condition but mainly by the cells on the outer rim of the tumor region in the soft condition. 

The expression of differentiation marker GFAP was significantly elevated in the soft condition 

compared to the stiff condition. The IF staining results suggested that the stiff co-culture condition 

promoted the stemness of tumor cells and the soft co-culture condition promoted cell 

differentiation. 

All 3D-bioprinted models demonstrated enhanced drug resistance of tumor cells to TMZ 

compared to sphere cultured cells (Figure 2.4D). IC50 of TMZ on sphere cultured TS576 cells was 

measured to be 30 µM, but the dosage was ineffective in the 3D models. For fair comparison, all 

conditions were treated with 500 µM of TMZ for 6 days. No significant difference in the viability 

of tumor cells were detected in the tumor-only stiff or soft models. The co-culture condition 

significantly increased the viability of TS576 cells to TMZ treatment in the stiff models but had 

no significant impact on cell viability in the soft models. We have previously observed sprouting 

events of endothelial cells in the stiff models. The sprouting endothelial cells were in close contact 

with a cluster of SOX2+ tumor cells, potentially forming a perivascular niche near the invading 

edge of the tumor zone. The perivascular niche has been reported to enrich cancer stem cells that 

are highly drug resistant.56 It is possible that the interaction between endothelial cells and tumor 

cells in the stiff model have enriched the drug resistant population more than that in the soft model, 

leading to higher viability of tumor cells after TMZ treatment. To confirm that differential drug 

responses were not a result of diffusion kinetics of drugs into the 3D hydrogels, we simulated the 

diffusion of drugs with fluorescently labeled Dextran molecules. After 30 minutes of incubation, 
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the fluorescence signals reached plateau in both the stiff hydrogel and the soft hydrogel and 

demonstrated no statistical significance in the signal intensities. QPCR analysis revealed that drug 

resistance related genes such as ABCG2 and CXCL12 were upregulated 8-fold and 24-fold, 

respectively, in the stiff co-culture condition (Figure 2.4E), consistent with the TMZ treatment 

responses. 

2.4 Conclusion  

We have developed biochemically and biophysically relevant GBM models with stiffness 

patterning in HA-rich matrix for investigation of behaviors and interactions of tumor cell and 

endothelial cells in a heterogeneous and biomimetic microenvironment. Tumor regions and 

endothelial regions were designed to have stiffness resembling their native states. Two stiffness 

conditions of the ECM region specifically designed to mimic GBM-remodeled stroma or healthy 

brain parenchyma were printed between the tumor region and the endothelial region, resulting in 

differential tumor cell growth and behaviors. While cell proliferation and expansion occurred 

rapidly in the soft models, hypoxia, stemness, and angiogenic potentials related to malignant 

phenotypes were enhanced in the stiff models. Tumor cells invade the ECM regions with distinct 

morphologies and patterns in the two-stiffness microenvironment. The stiff condition 

demonstrated a single cell diffuse invasion pattern, a characteristic of GBM precluding complete 

surgical removal, while the soft condition exhibited an expansive growth pattern. Both invasion 

patterns have been previously observed for GBM cells, suggesting that our stiffness-patterned 

models may be suitable for modeling different states of GBM development. Gene set enrichment 

analysis suggested that the stiff condition recapitulated the primary GBM tissue signatures and 

was enriched in gene sets related to the mesenchymal and proneural subtypes. Meanwhile, GBM 
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cells in the soft condition were more enriched in gene sets related to the classical subtype, 

indicating that the two types of stiffness are suitable for modeling different subtypes.  

Vascularization is a characteristic feature of GBM that promotes tumor growth and 

facilitates tumor invasion. The incorporation of HUVECs into the stiffness-patterned model 

allowed us to observe different endothelial cell growth patterns and potential angiogenic events in 

two different stiffness conditions, as well as altered tumor invasion patterns and drug responses in 

the presence of endothelial cells. Sprouting and proliferation of endothelial cells coordinate to 

mediate blood vessel formation.54,57 While proliferation of HUVECs was observed in the soft 

models, proliferation and sprouting were both observed in the stiff models. The gene expression 

revealed that tumor cells in the stiff model expressed high angiogenic markers, consistent with the 

observation of sprouting events in the stiff models. The soft condition in general promoted cell 

proliferation, demonstrated by the larger invasion area of tumor cells and the proliferation of 

endothelial cells. Moreover, TMZ treatment on all models and a sphere culture control 

demonstrated that the stiff co-culture model had the highest tumor cell viability, suggesting that 

the stiff condition as well as co-culture with endothelial cells enhanced the drug resistance of 

GBM. Many cancer drugs including TMZ induce cell cycle arrest and block cell division, thus are 

more effective on proliferating cells, consistent with the higher TMZ sensitivity of cells in the soft 

models compared to the stiff models. 

To conclude, the tri-regional stiffness-patterned GBM models presented in this work are 

the first to incorporate physiologically relevant biophysical heterogeneity of GBM with 

biochemically relevant ECM materials. The regional stiffnesses better recapitulate the native 

environments and potentially favor more biomimetic cell-ECM and cellular interactions. 

Transcriptional profiling has demonstrated the potential of using these models to investigate 
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different subtypes of GBM as well as different stages of GBM. Flexibility of the DLP-based 

bioprinting process and versatile material selection allow orthogonal modulation of biophysical 

properties and biochemical characteristics. The stiffness patterning can also be applied to future 

models to study the biophysical impacts on other tumor-stromal interactions, such as macrophages 

and astrocytes, abundant in the GBM microenvironment.  

2.5 Experimental Section/Methods 

All studies were conducted in accordance with approved IRB protocols by the University 

of California, San Diego. All animal work was approved by the Institutional Review Board at the 

University of California, San Diego and was performed in accordance with Institutional Animal 

Care and Use Committee guidelines.  

2.5.1 GMHA and GelMA synthesis and characterization 

GMHA was synthesized using 200 kDa hyaluronic acid (HA, Lifecore Biomedicals) and 

GelMA using gelatin from porcine skin (Sigma-Aldrich) with methods described previously.58,59 

Briefly, HA was dissolved in a 1:1 water and acetone solution at room temperature overnight. On 

the next day, triethylamine and glycidyl methacrylate was sequentially added to the mixture and 

stirred overnight. GMHA was precipitated with acetone and re-dissolve in de-ionized water. The 

resuspended GMHA solution was collected in 12-14 kDa rated dialyzer tubes and dialyzed at room 

temperature for 12 hours, with water replacement every 3 hours. For the synthesis of GelMA, 

gelatin was first dissolved in a 0.25M carbonate-bicarbonate buffer solution at 50 °C. For each 

gram of gelatin, 0.1ml methacrylic anhydride was added dropwise to the gelatin solution and 

stirred for 1 hour at 50 °C. The solution is then dialyzed at 42°C for a week. After dialysis, both 

GMHA and GelMA solutions were collected in 50 mL tubes to be frozen overnight at −80 °C and 

lyophilized. Freeze-dried GelMA and GMHA were stored at −80 °C before reconstitution. To 
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prepare the printing biomaterials, GelMA was reconstituted to a stock solution of 20% (w/v) and 

GMHA to a stock solution of 4% (w/v). All stock solutions were sterilized using filters (Millipore) 

with 0.22 µm pore size and stored at 4°C before use. Proton nuclear magnetic resonance (1H NMR, 

Bruker) was used to characterize the degree of substitution (methacrylation) of GelMA and 

GMHA. 

2.5.2 Cell culture 

Human patient derived glioblastoma stem cells (TS576) were obtained from Dr. Frank 

Furnari Lab at the University of California, San Diego (UCSD) and cultured as described 

previously.60,61 TS576 cells were cultured in DMEM/F12 medium containing 1% (v/v) B27 

supplement without vitamin A, 20 ng/mL EGF, 10 ng/mL bFGF, and 100 IU/mL 

penicillin/streptomycin (P/S) at 37ºC. CW468 cells obtained from Dr. Jeremy Rich Lab at UCSD 

were cultured in serum-free Neurobasal medium supplemented with 2% (v/v) B27 supplement 

without vitamin A, 10 ng/mL basic human fibroblast growth factor, 10 ng/mL human epidermal 

growth factor, and 1% P/S. HUVECs were cultured in EGM-2 (Lonza) complete medium 

supplemented with 1% P/S. 

2.5.3 3D printing of the GBM models 

Before printing, TS576 cells were digested with Accutase (Stemcell Technology), and 

HUVECs were digested with 0.05% Trypsin-EDTA (Gibco). For all 3D samples, the cell 

suspension solution for the tumor region was resuspended to 10 x 107 cells/mL of TS576s. For the 

co-culture model, the cell suspension solution for the endothelial region was resuspended to 5 x 

107 cells/mL of HUVECs. The cell suspension was then prepared as 10 µL aliquots and stored on 

ice before printing. Bioinks for each region was prepared with concentrations in Table 2.1. For 

tumor and endothelial regions, the bioinks were prepared with twice of their desired final 
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concentrations (final biomaterial concentrations of these two regions are included in the 

parentheses). 

Table 2.1 Material composition of different regions. 

Region GelMA (w/v) GMHA (w/v) 

Tumor region 10% (5%) 2% (1%) 

Endothelial region 5% (2.5%) 1% (0.5%) 

Stiff ECM 10% 1% 

Soft ECM 5% 1% 

The bioinks were stored on heat block at 37 °C and covered with foil to avoid light 

exposure. Bioinks for the tumor and endothelial regions were mixed with the corresponding cell 

suspension solution at 1:1 ratio immediately before printing to maximize cell viability. Bioinks for 

the ECM region was directly used for printing with no further dilution. 

A customized DLP-based 3D bioprinting system was used for the multicomponent printing 

process. The primary components of the 3D bioprinting system are a digital micromirror device 

(DMD) chip (Texas Instruments), optics for light control, a printing stage with motion controller 

(Newport), and a light source (Hamamatsu). Specialized computer software was developed to 

coordinate the loaded patterns, light exposure time, and stage movement. A specialized printing 

apparatus was used to precisely control the thickness of the printed structure. After loading the 

cell-biomaterial mixture onto the printing stage, light was switched on with a set of exposure times. 

The exposure time was 20 seconds for the soft ECM and 25 seconds for the endothelial region. 

The exposure time was 25 seconds for the tumor region and 30 seconds for the stiff ECM. Printed 

constructs were rinsed with DPBS supplemented with 1% P/S and 0.2% Normocin (Invitrogen) 

and cultured in maintenance medium at 37 °C. The maintenance medium composed of 50% of 

complete TS576 medium and 50% EGM-2. 

2.5.4 Mechanical testing 
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MicroSquisher (CellScale) was used to measure the compressive modulus of the printed 

samples. For each prepolymer mixture, pillars with 250 µm in diameter and 250 µm in height were 

printed with the same printing setup used for the tumor models. Pillars were stored at 37 °C before 

measurement to mimic the culture condition. Mechanical testing was performed on Day 1, 3, and 

7 to evaluate the stability of printed constructs. For measurement on the MicroSquisher, stainless 

steel beams and platens were used to consecutively compress the constructs at 10% displacement 

of their height for three times. The last measurement is used for analysis. Compressive modulus 

was generated using customized MATLAB scripts from the force and displacement data. 

2.5.5 Scanning electron microscopy (SEM) 

Micron-scale patterns of the printed constructs were imaged using Zeiss Sigma 500. 

Samples were prepared using a chemical dehydration protocol optimized for printed hydrogels. 

Briefly, samples were fixed with 2.5% glutaraldehyde for 1 hour at room temperature and 

overnight at 4°C. Then the samples were rinsed with DPBS and sequentially soaked in 70%, 90%, 

95%, and 100% ethanol. After replacing the 100% ethanol solution for 3 times, the samples were 

transferred to hexamethyldisilazane (HDMS):EtOH (1:2) for 15 minutes, HDMS:EtOH (2:1) for 

another 15 minutes, and eventually 100% HDMS for 15 minutes. The samples were left in a 

chemical hood overnight. Right before SEM imaging, the chemically dried samples were coated 

with iridium using a sputter coater (Emitech).  

2.5.6 Immunofluorescence staining and image acquisition 

3D bioprinted constructs were rinsed with DPBS for three times and fixed with 4% 

paraformaldehyde for 1 hour at room temperature. The block/permeabilization solution was 

prepared by dissolving 5% (w/v) bovine serum albumin (BSA, Gemini Bio-Products) and 0.1% 
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Triton X-100 (Promega) in PBS and filtered after fully dissolved. Fixed samples were 

blocked/permeabilized for 1 hour at room temperature on a shaker at 100 rpm.  

Primary antibodies (Table 2.2) were diluted in PBS, and samples were incubated in 

primary antibody solution overnight at 4 °C. Samples were rinsed three times using DPBS with 

0.05% Tween 20 (PBST) at 100 rpm at room temperature. Secondary Alexa Fluor-conjugated 

antibodies (1:200; Abcam) and Hoechst 33342 (1:1000; Life Technologies) were diluted in DPBS 

with 3% (w/v) BSA. Samples were incubated in secondary antibody and counterstain solutions in 

dark for 1 hour at room temperature. Samples were rinsed three times with PBST after secondary 

incubation. Before imaging, the samples were soaked in a 0.05% sodium azide (Alfa Aesar) 

solution and stored at 4 °C in dark. A confocal microscope (Leica SP8) was used for image 

acquisition with consistent settings for each primary antibody. Fluorescence images of EGFP 

labeled cells were also acquired using the confocal microscope.  

Table 2.2 Antibodies used for immunofluorescence staining. 

Primary Antibody Species Dilution Manufacturer 

SOX2 rabbit anti human 1:100 Abcam 97959 

GFAP mouse anti human  1:100 Millipore Sigma G3893 

CD31 mouse anti human  1:100 Abcam 24590 

Ki67 rabbit anti human  1:100 Abcam ab16667 

 

2.5.7 RNA isolation and quantitative reverse transcription polymerase chain reaction (RT-

qPCR)  

For 3D single cell culture models, TS576 cells were retrieved from printed constructs by 

dissociating the hydrogel with collagenase type II (Sigma-Aldrich). For 3D co-culture models, 

endothelial layers were mechanically removed before using collagenase II to retrieve tumor cells. 

TRIzol reagent (Life Technologies) was mixed with tumor cells isolated from 3D models or their 
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sphere culture counterparts to prepare cell lysates. Total RNA of each sample was extracted using 

the Direct-zol RNA MiniPrep Kit (Zymo). The RNA concentration from each sample was 

evaluated using a Tecan plate reader after resuspending RNAs in RNase free water. The RNA 

samples were immediately stored at −80 °C.  

For RT-qPCR, cDNA was first synthesized from the RNA samples using the ProtoScript® 

First Strand cDNA Synthesis Kit (New England BioLabs). Input RNA was 200ng for each sample. 

The primers were designed using NCBI primer-BLAST and purchased from Integrated DNA 

Technologies. RT-qPCR was performed using PowerUp SYBR Green master mix (Applied 

Biosystems) and the Quantstudio 3 RT-PCR system. Expressions of specific genes were 

determined by normalizing the threshold cycle (Ct) values against the housekeeping gene. Primer 

sequences are listed in Table 2.3. 

Table 2.3 Primers for RT-qPCR. 
Gene  Accession 

Number  

Forward Primer (5’->3’)  Reverse Primer (5’->3’)  

ABCG2 NM_004827.3 AAGCCACAGAGATCATAGAG

CC 

TCTTCTTCTCACCCCCGGAA 

CXCL12 NM_199168.4 AGATGCCCATGCCGATTCTT AGGGCACAGTTTGGAGTGT

T 

GAPDH  NM_002046.7  ACAACTTTGGTATCGTGGAAG

G  

GCCATCACGCCACAGTTTC  

MGMT NM_002412.5  GCACCGTTTGCGACTTGG GCTCACAACCAGACAGCTC

C 

SPP1 NM_000582.3  AGCTTTACAACAAATACCCAG

ATGC 

GACTTACTTGGAAGGGTCT

GTGG 

VEGFA NM_00102536

6.3 

ACGAAAGCGCAAGAAATCCC CTCCAGGGCATTAGACAGC

A 

2.5.8 RNA sequencing and data analysis 

For RNA-seq analysis, RNA was extracted from sphere culture and 3D printed samples of 

TS576 cells using Direct-zol RNA MiniPrep Kit (Zymo, USA) and sequenced as described 

previously.62 RNA was ribo-depleted and RNA-seq was performed using high-throughput 

Illumina sequencing system, Illumina NovaSeq 6000 (Illumina, San Diego, CA, USA) at the UC 
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San Diego IGM Genomics Center. The single-end reads that passed Illumina filters were filtered 

for reads aligning to transfer RNA, ribosomal RNA, adapter sequences and spike-in controls.  

We used Trim Galore (v0.6.5, https://github.com/FelixKrueger/TrimGalore) to trim and filter low-

quality reads. After quality control, each FASTQ file was mapped to the human hg38 genome with 

gene annotation from GENCODE version 33 using STAR (v2.5.3a, 

https://github.com/alexdobin/STAR).63 We then used htseq-count (v0.9.1, 

https://htseq.readthedocs.io/en/master/) to count exonic reads of each BAM file at the gene level 

and identify pairwise differentially expressed genes (DEG) between three experimental groups 

(sphere, 3D-stiff, 3D-soft) using R package DESeq2 (v1.24.0) with default settings.64 Significant 

DEGs were determined by false discovery rate < 0.05. GO terms were identified using 

WebGestaltR (v0.4.4, http://www.webgestalt.org/). 

Gene set enrichment analysis was performed with the GSEA desktop application 

(http://software.broadinstitute.org/gsea/downloads.jsp) and gene sets from molecular signatures 

database.65 Processed data from primary patient GBM tissues and in vitro cultured GBM cells were 

derived from Mack et al.31 and the list of upregulated expressed genes in primary GBM tissue were 

obtained using python package Scanpy (v1.6.0).66 DEGs from the primary GBM tissue with 

adjusted p-value < 0.01 and log2 fold change >5 were selected to generate the input gene set for 

GSEA. Pathway enrichment bubble plots were generated using the Enrichment Map App of 

Cytoscape (v3.8.0).67 Principal component analysis was performed using the top 5,000 DEGs. 

2.5.9 Drug response assessment 

Sphere cultured TS576 cells were seeded at a cell density of 1 x 105 cells per well and 

cultured for 5 days before treatment. Spheres were treated with different dosages of TMZ (Sigma-

Aldrich) to generate the IC50 value of the TMZ on the sphere cultured TS576. For comparison of 

http://www.webgestalt.org/
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drug sensitivity on TS576 cells in different culture conditions, spheres and 3D-printed samples 

were cultured for 5 days and treated with 500 µM TMZ. Cell viability was evaluated using 

CellTiter-Glo 3D after 6 days of TMZ treatment. 

2.5.10 Molecular diffusion assessment 

3D constructs with the same material composition and stiffness as the stiff ECM and soft 

ECM were printed and stabilized overnight. FITC-dextran with a molecular weight 4.4 kDa 

(Sigma) was prepared at a concentration of 0.5 mg/ml. A FITC-dextran solution was added to 3D-

printed samples and incubated at 37 °C. Samples were rinsed and imaged at several time points (5, 

15, 30, 60, 120 minutes). Intensity quantification was performed using ImageJ.  

2.5.11 Statistical analysis 

The results were presented as mean ± standard deviations. The statistical significance was 

evaluated using unpaired Student’s t-test, ordinary one-way ANOVA, or two-way ANOVA with 

GraphPad Prism. *p < 0.05, ** p < 0.01, *** p < 0.001, **** p<0.0001. 

2.5.12 Data deposition 

All raw sequencing data reported in this paper has been deposited in the National Center 

for Biotechnology Information Gene Expression Omnibus (GEO) database, 

https://www.ncbi.nlm.nih.gov/geo/, at the accession numbers GSE158097. There are no 

restrictions on data availability, and all data will be made available upon request directed to the 

corresponding authors. 
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CHAPTER 3 Modeling Glioblastoma Cellular Heterogeneity and Dependencies 

3.1 Abstract 

Brain tumors are dynamic complex ecosystems with multiple cell types. To model the brain 

tumor microenvironment in a reproducible and scalable system, we developed a rapid three-

dimensional (3D) bioprinting method to construct clinically relevant biomimetic tissue models. In 

recurrent glioblastoma, macrophages/microglia prominently contribute to the tumor mass. To 

parse the function of macrophages in 3D, we compared the growth of glioblastoma stem cells 

(GSCs) alone or with astrocytes and neural precursor cells (NPCs) in a HA-rich hydrogel, with or 

without macrophage. Bioprinted constructs integrating macrophage recapitulate patient-derived 

transcriptional profiles predictive of patient survival, maintenance of stemness, invasion, and drug 

resistance. Whole genome CRISPR screening with bioprinted complex systems identified unique 

molecular dependencies in GSCs, relative to sphere culture. Multicellular bioprinted models serve 

as a scalable and physiologic platform to interrogate drug sensitivity, cellular crosstalk, invasion, 

context-dependent functional dependencies, as well as immunologic interactions in a species-

matched neural environment. 

3.2 Introduction 

Brain tumors are complex tissues with multicomponent interactions between multiple cell 

types.1 Precision medicine efforts based solely on genomic alterations and molecular circuitries 

driving neoplastic cells have translated into relatively limited benefit in clinical practice for brain 

cancers, including glioblastoma, the most prevalent and lethal primary intrinsic brain tumor. 

Crosstalk between neoplastic cells and the surrounding stroma contributes to tumor initiation, 

progression, and metastasis. However, most cancer research studies investigate cancer cells in 

isolation, cultured in non-physiologic adherent conditions containing species-mismatched serum.  
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Massive efforts have interrogated functional dependencies of cancer cell lines.2-5 While 

these studies provide valuable insights into cancer cell dependencies, they lack the capacity to 

investigate interactions of cancer cells with stromal cells or the microenvironment in an 

appropriate physiological context. PDXs and genetically engineered mouse models are 

informative and can better recapitulate the genomic and transcriptomic profiles of patient brain 

tumors than two-dimensional (2D) culture. However, challenges with engraftment, the low 

throughput nature of animal experiments, and the lack of normal human cellular interactions, limit 

their broad applications in clinical settings. In tumors with significant immune cell involvement, 

such as glioblastoma, PDXs are limited as immunocompromised animals prevent investigation of 

immune cells in cancer biology.6  

Methods to construct self-organizing 3D co-culture systems, termed organoids, have been 

developed to interrogate physiological and pathophysiological processes.7,8 In cancer research, 

organoid systems serve as models of colorectal cancer9,10, breast cancer11,12, hepatocellular and 

cholangiocarcinomas,13 pancreatic cancers,14 and glioblastomas,15 among others.16,17 In 

glioblastoma, we first described organoid systems that recapitulate tumor architecture, 

microenvironmental gradients, and tumor cellular heterogeneity.15 Additional glioblastoma 

models utilize human-embryonic stem cell (hESC)-derived cerebral organoids to investigate 

interactions between GSCs and normal brain components including infiltration, 

microenvironmental stimuli, and response to therapies.18 However, organoid modeling is labor 

intensive, relatively low throughput, and highly variable in terms of cellular composition and 

structure due to the process of self-assembly. 

Further development of tissue engineering approaches inform new 3D culture systems with 

improved scalability and capacity to tune specific biological parameters, including cellular 
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composition and extracellular matrix stiffness.19 The development of physiologically relevant 

brain tumor microenvironments20 requires careful consideration of the biophysical and 

biochemical properties of the matrix and cellular composition of specific tumor types, which can 

be achieved with recent advances in 3D bioprinting and biomaterials designed specifically for the 

bioprinting process.21-24 Biocompatible scaffolds for tumor microenvironments include the 

naturally occurring extracellular matrix products chitosan-alginate (CA)25 and hyaluronic acid 

(HA)-based hydrogels26,27, but also synthetic polymers, including poly lactide-co-glycolide 

(PLGA)28, and polyethylene-glycol (PEG)26, or polyacrylamide hydrogels29. 3D printing with 

biocompatible materials is emerging to advance the fields of regenerative medicine and tissue 

modeling21, with notable relevance and applicability to cancer research22. 3D bioprinting models 

microenvironmental interactions and drug sensitivities,18 reciprocal interactions with 

macrophages,23 and patient-specific screening tools in microfluidics-based systems.24 Among 

many 3D printing technologies, digital light processing (DLP)-based 3D bioprinting provides 

superior scalability and printing speed in addition to versatility and reproducibility.30 Several 

biomimetic tissue models have been developed using this technology, creating tissue specific 

architecture and cellular composition that could be used for functional analyses, metastasis studies, 

and drug screening.31,32 

Here, we employ a rapid 3D bioprinting system and photocrosslinkable native ECM 

derivatives to create a biomimetic 3D cancer microenvironment for the highly lethal brain tumor, 

glioblastoma. The model is comprised of patient derived GSCs, macrophages, astrocytes, and 

NPCs in a HA-rich hydrogel. One major microenvironmental feature of glioblastoma is the 

prominent infiltration of tumor masses by macrophage and microglia. In progressive or recurrent 

glioblastoma, macrophage and microglia account for a substantial fraction of the tumor bulk. Using 
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genetic depletion, co-implantation, and pharmacologic depletion, macrophage/microglia have 

been shown to be functionally important for glioblastoma growth, but each of these approaches 

may have broader effects beyond direct tumor cell-macrophage interactions. Using this scalable 

and reproducible platform, we can interrogate functional dependencies and multicellular 

interactions in a physiologically relevant manner.  

3.3 Results 

3.3.1 DLP-based rapid 3D bioprinting generates glioblastoma tissue models 

Brain tumors are composed of numerous distinct populations of malignant and supporting 

stromal cells, and these complex cellular interactions are essential for tumor survival, growth, and 

progression. Glioblastomas display high levels of intratumoral heterogeneity, with contributions 

from astrocytes, neurons, NPCs, macrophage/microglia, and vascular components. To move 

beyond serum-free sphere culture-based models, we utilized a DLP-based rapid 3D bioprinting 

system to generate 3D tri-culture or tetra-culture glioblastoma tissue models, with a background 

“normal brain” made up of NPCs and astrocytes and a tumor mass generated by GSCs, with or 

without macrophage, using brain-specific ECM materials (Figure 3.1a). Leveraging this system 

with exquisite control of cellular constituents in specific locations, we selected macrophage for 

additional study, as we hypothesized that DLP-based 3D bioprinting could enable precise spatial 

arrangement of cells and matrix, and selection of any cell type. The key components of the 

bioprinting system were a digital micromirror device (DMD) chip and a motorized stage where 

prepolymer cell-material mixtures were sequentially loaded. The DMD chip with approximately 

2x106 micromirrors controlled the light projection of the brain-shaped patterns onto the printing 

materials (Figure 3.1b). The elliptical pattern corresponded to the core region and the coronal slice 

pattern corresponded to the peripheral region. Each pattern was printed with 20 seconds of light 

exposure. In the 3D tri-culture model, a central tumor core composed of GSCs was surrounded by 
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a less dense population of astrocytes and NPCs. In the 3D tetra-culture model, we mixed M2 

macrophages with GSCs within the central core to mimic the immune cell infiltrated tumor mass 

(Figure 3.1c). 

 
Figure 3.1 3D bioprinting enables generation of glioblastoma tri-culture and tetra-culture tissue 

environment model. 
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The ECM composition of the glioblastoma microenvironment was modeled with GelMA 

and GMHA hydrogels. Cells were encapsulated into a material mixture of 4% GelMA (at 95% 

degree of methacrylation) and 0.25% GMHA (at 38% degree of methacrylation), which generated 

a hydrogel matrix that resembled glioblastoma tissue. GelMA has good biocompatibility and 

serves as a stiffness modulator that provided desirable mechanical properties and little intervention 

in biochemical cues. HA is the most abundant ECM component in healthy brain tissue and 

promotes glioblastoma progression, including regulating glioblastoma invasion through the 

receptor for hyaluronan-mediated motility (RHAMM) and CD44, as well as other mechanical and 

topographical cues.33 We used a physiologically relevant concentration of HA (0.25%) determined 

from clinical analysis of a diverse population of biopsy specimens from patients with different 

brain tumors.34 While a range of molecular weight HAs are present in the brain, low molecular 

HA promotes GSC stemness and resistance.33 Thus, in this study, low molecular weight HA (200 

kDa) was used to synthesize GMHA to model the pro-invasive brain tumor microenvironment. 

The mechanical properties of the model were characterized by the compressive modulus and pore 

sizes. The stiffness of the acellular hydrogel remained stable over a week of incubation at 37°C 

(data not shown). The stiffness of cell-encapsulated tumor core was 2.8 ± 0.6 kPa, while the less 

populated peripheral region containing NPCs and astrocytes was 0.9 ± 0.2 kPa.  

The peripheral region stiffness was designed to match that of healthy brain tissue reported 

to be around 1 kPa. Glioblastoma displays enhanced migration and proliferation in stiffer 

materials.33 The stiffness of the tumor core was modulated with the light exposure time on the 3D 

bioprinter to have higher modulus than the healthy region. The hydrogel had a porosity of 53% 

and an average pore size of 85 μm. With these microscale features, small molecules, such as drug 

molecules, freely diffuse through the matrix. Cells closely interacted with other cells and the 
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matrix (Figure 3.1d). At a macro scale, the model had a thickness of 1 mm, and 4.4 mm by 3.6 mm 

in the X-Y dimensions, which allowed gradients of oxygen and nutrition diffusion to be formed 

within the tissue. Cells were precisely printed into two prearranged regions to provide more 

physiologically relevant features: a non-neoplastic peripheral region composed of NPCs and 

astrocytes surrounding a tumor core composed of either GSCs alone or GSCs with macrophage 

(Figure 3.1e). Following optimization for cell density, the tumor core in the 3D tri-culture 

consisted of 25 x 106 GSCs/mL, while the tetra-culture tumor core contained 25 x 106 GSCs/mL 

and 12.5 x 106 macrophages/mL. 

3.3.2 3D bioprinted models recapitulate glioblastoma transcriptional profiles 

Traditionally grown cell lines have been extensively characterized in glioblastoma, 

revealing that these conditions fail to replicate patient tumors in cellular phenotypes (e.g. invasion) 

or transcriptional profiles.35 While patient-derived glioblastoma cells grown under serum-free 

conditions enrich for stem-like tumor cells (GSCs) that form spheres and more closely replicate 

transcriptional profiles and invasive potential than standard culture conditions, we previously 

demonstrated that spheres display differential transcriptional profiles and cellular dependencies in 

an RNA interference screen compared to in vivo xenografts.36 Based on this background, we 

interrogated the transcriptional profiles from a large cohort of patient-derived GSCs grown in 

serum-free, sphere cell culture that we recently reported.37 GSCs grown as spheres were 

transcriptionally distinct from primary glioblastoma surgical resection tissue specimens, when 

compared through either principal component analysis (PCA) or Uniform Manifold 

Approximation and Projection (UMAP) (Figures 3.2a and 3.2b). 
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Figure 3.2 3D tetra-culture models better recapitulate transcriptional signatures found in 

glioblastoma tissues than standard sphere culture. 

To determine if the 3D bioprinted culture systems more closely resemble primary 

glioblastoma tumors, we performed global transcriptional profiling through RNA extraction 

followed by next-generation sequencing (RNA-seq) on GSCs isolated from the bioprinted models 

(Figure 3.2c). Upregulation of a core set of glioblastoma tissue-specific genes defined a 

“Glioblastoma Tissue” gene signature (Figure 3.2d). When compared to GSCs grown in sphere 
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culture, the tetra-culture bioprinted model displayed upregulation of the glioblastoma tissue-

specific gene set (Figure 3.2e), suggesting that the bioprinted model recapitulates transcriptional 

states present in patient-derived glioblastoma tissues. GSCs in 3D tetra-culture displayed 

upregulation of genes specifically expressed in orthotopic intracranial xenografts (Figures 3.2f and 

3.2g) and, to a lesser extent, genes specifically expressed in subcutaneous flank xenografts 

compared to sphere culture. Additionally, GSC signatures were upregulated in the tetra-culture 

system compared to sphere culture (Figures 3.2h and 3.2i), suggesting that the physiologic tissue 

environment promotes stem-like transcriptional states. 

We further interrogated the gene expression profiles that distinguish GSCs grown in sphere 

culture from the 3D tetra-culture bioprinted models (Figure 3.3a). While cells grown in sphere 

culture displayed enrichment for gene sets involved in ion transport, protein localization, and 

vesicle membrane function, cells in the tetra-culture 3D model displayed transcriptional 

upregulation of cell adhesion, extracellular matrix, cell and structure morphogenesis, angiogenesis, 

and hypoxia signatures (Figure 3.3b). Furthermore, the tetra-culture model displayed an increase 

in the mesenchymal glioblastoma signature (Figure 3.3c). Hypoxia response genes, CA9, NDRG1, 

ANGPTL4, and EGLN family members, were upregulated in the tetra-culture system, while 

various ion transporters, including SLC25A48 and SLC6A9, were downregulated (Figures 3.3d 

and 3.3e). By qPCR, GSCs isolated from either 3D system 10 days after printing displayed elevated 

levels of the stemness marker OLIG2 and decreased levels of the differentiation markers MAP2 

and TUJ1 compared to their sphere counterparts grown in parallel (Figure 3.3f). Additionally, GSC 

levels of MAP2 and TUJ1 were decreased to a greater degree in tetra-culture (i.e. with 

macrophage) compared to tri-culture. We further evaluated the protein expression of stemness, 

hypoxia, and proliferative markers in the tetra-culture system compared to sphere culture. The 
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hypoxia marker CA9 was upregulated in the tetra-culture model compared to sphere culture 

(Figure 3.3g). The heightened hypoxia level more closely resembled pathologic in vivo conditions, 

in which the tumor core had a higher hypoxia expression compared to the peripheral region of 

neurons and astrocytes. In the 3D culture system, cells also showed increased levels of the 

proliferative marker Ki67 and increased protein expression of the stemness markers OLIG2 and 

SOX2 (Figures 3.3h-j).  



83 

 

 

 

Figure 3.3 GSCs grown in 3D tetra-culture models upregulate transcriptional signatures of cellular 

interaction, hypoxia, and cancer stem cells. 
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3.3.3 Macrophages promote hypoxic and invasive signatures in bioprinted models 

 

Figure 3.4 Addition of macrophages activates extracellular matrix and invasiveness signatures. 

To understand the relative contributions of each cell type incorporated into bioprinted 

models, we performed RNA-sequencing on GSCs derived from tri-cultures and tetra-cultures. 

Given that THP1-derived macrophages display distinct expression profiles as primary 
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macrophages, we built tetra-cultures containing THP1-derived macrophage, human induced 

pluripotent stem cell (hiPSC)-derived macrophage generated from an established protocol,38 and 

primary human volunteer-derived macrophage. Both hiPSC-derived macrophage and primary 

macrophage integrated into the tetra-culture models. UMAP clustering revealed that the 

transcriptional outputs of sphere cultured GSCs are distinct from that of GSCs in bioprinted models 

(Figures 3.4a and 3.4b). Concordantly, we detected differentially expressed genes between sphere 

cultured cells and any of the bioprinted models (757-968 differentially expressed genes), while 

there were fewer genes that distinguished the bioprinted models (39-59 differentially expressed 

genes) (Figure 3.4c). Bioprinted models were characterized by activation of invasion, extracellular 

matrix, cell surface interaction, and hypoxia signatures, while GSCs in sphere culture expressed 

cell cycle, DNA replication, RNA processing, and mitochondrial translation signatures. Multiple 

genes in the hypoxia, biological adhesion and extracellular matrix, and the mesenchymal 

glioblastoma subtype signature were consistently upregulated across bioprinted models. When 

grown in bioprinted models, GSCs transitioned from an initial proneural/classical transcriptional 

subtype to a mesenchymal state. 

We next investigated differentially expressed pathways between bioprinted models. 

Triculture-derived GSCs upregulated extracellular matrix and biological adhesion pathways 

compared to GSCs in sphere culture. Addition of macrophage further increased activation of 

hypoxia and glycolytic metabolism signatures, with enrichment for invasiveness signatures 

(Figures 3.4d-h). Tetra-cultures constructed with hiPSC-derived macrophage expressed higher 

levels of extracellular matrix and wound healing and platelet activation signatures and decreased 

levels of neuron and glial development and differentiation pathways compared to tetra-cultures, 

including THP1-derived macrophages. Incorporation of primary human macrophages did not 
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affect levels of Ki67 or SOX2 compared to use of THP1-derived cells. Consistent with our 

previous findings, use of hiPSC-derived macrophages reduced GSC expression of MAP2 and 

TUJ1 differentiation markers and increased expression of CA9 and NDRG1 hypoxia markers.  

3.3.4 3D bioprinted tissues model complex cellular interactions and migration 

Interactions between malignant cells and stromal components shape tumor tissue with each 

cell type impacting the other tissue components. To understand these changes, we investigated 

how macrophage responded to the 3D brain tumor microenvironment by isolating THP1-derived 

macrophages from 3D bioprinted structures and performing RNA-seq (Figures 3.5a and 3.5b). For 

the 3D printed tissue, macrophage were mixed with GSCs at a 1:2 ratio to form the tumor core, 

while the periphery was formed by astrocytes and NPCs using the same composition described 

previously. The transcriptional output of macrophage grown in traditional culture displayed 

enrichment for PRC2 complex targets, amino acid biosynthesis, protein metabolism signatures and 

ribosomal pathways, while macrophage exposed to GSCs in the bioprinted structure showed 

elevation of pathways involved in leukocyte activation and innate immune response, cytokine 

signaling and inflammatory responses, and TLR-stimulated signatures (Figure 3.5c). Defense 

response genes, including CH14, PLA2G7, and ALOX5, were upregulated in macrophage derived 

from the tetra-culture system, while genes involved in amino acid restriction, including IL18, 

CD37, and VLDLR, were downregulated (Figures 3.5d and 3.5e). M2 macrophage-related markers 

were upregulated in the 3D samples, with CD163 increased by 37-fold and IL-10 increased by 17-

fold compared to traditional suspension culture, as measured by qPCR. M1-related markers, 

including TNF-α and NOS2, did not increase, demonstrating that the 3D printed microenvironment 

preferentially polarized macrophage towards the M2 phenotype (Figure 3.5f). Gene expression 

signatures defining peripherally-derived tumor associated macrophage in glioma39,40  were 

selectively enriched in macrophage derived from tetra-culture models compared to those grown in 
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2D culture. Collectively, macrophage grown in our 3D bioprinted tetra-culture model express gene 

expression signatures consistent with patient-derived tumor-associated macrophage.  

We interrogated the functional consequences of the addition of immune components to the 

3D bioprinted model. In four patient-derived GSCs spanning three major glioblastoma 

transcriptional subtypes (proneural, classical, and mesenchymal) the addition of monocyte-derived 

M2 macrophage increased GSC invasion into the surrounding brain-like parenchyma (Figures 

3.5g-j). Consistent with our gene expression analyses, M2 macrophage increased the area of 

invasion by 20% for CW468, 60% for GSC23, 41% for GSC3264, and 30% for GSC2907. 

Collectively, these results support the tetra-culture model as an effective tool to study cancer cell 

invasion and the mechanisms by which cellular interactions impinge upon these processes. 

As numerous stromal compartments, including neural progenitor cells, astrocytes, and 

neurons, interact with glioblastoma cells within patient tumors, we interrogated the effects of the 

bioprinting model on neuronal and oligodendrocyte differentiation of the non-neoplastic NPCs. In 

2D culture, most NPCs expressed the proliferative NPC marker SOX2. The high expression and 

frequency of SOX2 was retained in tri-cultures and tetra-cultures containing macrophage derived 

from THP1 cells or primary human macrophage. In 2D culture, NPCs expressed the neuronal 

marker TUBB3, but retained a progenitor-like cellular morphology. In bioprinting models, NPCs 

adopted a neuronal morphology with the appearance of elongated cellular projection. Expression 

of MAP2 was reduced in bioprinted models compared to 2D culture. OLIG2 staining revealed 

oligodendrocyte-like cells in tri-cultures. Taken together, NPCs partially differentiate in our 

bioprinted system, but are unlikely to form mature functional neurons or oligodendrocytes. 
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Figure 3.5 Monocytes grown in 3D tetra-culture models upregulate immune activation signatures, 

increase M2 polarization, and promote GSC invasion. 
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3.3.5 The 3D bioprinted model serves as a platform for drug response modeling 

 

Figure 3.6 3D bioprinting enables a drug discovery platform and microenvironmental interactions 

contribute to drug resistance. 

We next investigated the ability of our 3D bioprinted system to model drug responses and 

the capacity for cellular interactions within the 3D bioprinted system to affect drug sensitivity of 

GSCs. Fluorescent dextran molecules (4 kDa) modeled drug penetration into 3D bioprinted 

models.31,41 Dextran molecules rapidly entered bioprinted constructs when the hydrogel was 
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soaked in a dextran solution, with rapid increases in average fluorescence intensity measured from 

the hydrogel. The fluorescence intensity plateaued after 30 minutes of incubation and displayed a 

uniform spatial intensity across the hydrogel, demonstrating that drug compounds can effectively 

permeate the 3D bioprinted model (Figures 3.6a-c).  

EGFR is commonly amplified, overexpressed, or mutated in glioblastoma, so we evaluated 

the treatment efficacy of two EGFR inhibitors, erlotinib and gefitinib, and the glioblastoma 

standard-of-care alkylating agent temozolomide in our system. 3D tri-cultures and tetra-cultures 

were cultured for 5 days before drug treatment. Despite activated EGFR in glioblastomas, EGFR 

inhibitors have shown little benefit for glioblastoma patients. GSC23 in either 3D model displayed 

enhanced resistance to EGFR inhibitors and temozolomide compared to sphere culture. Inclusion 

of M2 macrophage further increased resistance of GSC23 to EGFR inhibitors (Figure 3.6d). 

CW468 cultured in 3D models displayed enhanced resistance to erlotinib and temozolomide 

treatment, in contrast to gefitinib (Figure 3.6e), despite maintaining high EGFR mRNA and protein 

expression in tetra-cultures. Both erlotinib and gefitinib displayed on target effects and reduced 

EGFR activity as measured by phosphorylation of the EGFR-Y1173 residue in both sphere culture 

and in tetra-cultures. 

Glioblastomas are highly lethal cancers for which current therapy is palliative.42,43 

Therefore, we explored the potential utility of 3D bioprinted systems to inform drug responses in 

glioblastoma. Overlaying gene expression data from the 3D tetra-culture model with drug 

sensitivity and gene expression data from the Cancer Cell Line Encyclopedia (CCLE) and the 

Cancer Therapeutic Response Platform (CTRP) enabled prediction of drug sensitivity and 

resistance in our 3D tetra-culture system based on transcriptional signatures (Figure 3.6f).44-46 

Consistent with our studies of erlotinib, gefitinib, and temozolomide, high expression of genes 
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upregulated in GSCs in the 3D tetra-culture model was predicted to be associated with drug 

resistance for the majority of compounds across all cancer cell lines tested (Figure 3.6g) or when 

restricted to brain cancer cell lines. Drugs predicted to ineffective included GSK-J4 

(JMJD3/KDM6B inhibitor), cytarabine (nucleotide antimetabolite), and decitabine (DNA 

methyltransferase inhibitor), while drugs predicted to be effective included abiraterone (CYP17A1 

inhibitor), vemurafenib, ifosfamide, and PLX-4720 (RAF inhibitors), and ML334 (NRF2 

activator) (Figures 3.6g-j). These results were similar, but not entirely overlapping, when a 

glioblastoma orthotopic xenograft expression signature was used. Investigation of the Library of 

Integrated Network-Based Cellular Signatures (LINCS) dataset showed that compounds predicted 

to recapitulate the 3D tetra-culture signature included hypoxia inducible factor activators, caspase 

activators, and HDAC inhibitors, while RAF inhibitors and immunosuppressive agents may impair 

expression of this gene signature. These findings suggest that interactions with the local 

microenvironment affect GSC sensitivity to therapeutic compounds and that the 3D bioprinted 

tissue model can interrogate these context-dependent effects. Further, as the tetra-culture model 

expresses genes associated with poor sensitivity to a variety of therapeutic compounds, this system 

may be a more realistic model for drug discovery in glioblastoma. To validate these predictions, 

we treated GSCs with three of the predicted compounds, abiraterone, vemurafenib, and ifosfamide 

in triculture and tetraculture bioprinted models. When treated at the sphere culture IC50 value, 

GSCs in tetra-culture displayed enhanced sensitivity to abiraterone and ifosfamide compared to 

GSCs in tri-culture, while sensitivity to vemurafenib was unchanged (Figure 3.6i-k). This suggests 

that abiraterone and ifosfamide may be effective in targeting tetra-culture derived GSCs. In a 

subcutaneous glioblastoma xenograft model, ifosfamide therapy displayed a trend towards reduced 

tumor growth compared to vehicle. 
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3.3.6 CRISPR Screening Discovered Novel Context-Dependent Essential Pathways 

Given widespread therapeutic resistance in glioblastoma, we leveraged the 3D bioprinted 

system as a discovery platform for glioblastoma dependencies. Parallel whole genome CRISPR-

Cas9 loss-of-function screening was performed in GSCs in sphere culture as well as in the 3D 

tetra-culture system (Figure 3.7a). Functional dependencies segregated GSCs based on their 

method of growth (Figure 3.7b). Guide RNAs were enriched (indicating that the targeted gene 

enhances viability when deleted) or depleted (indicating that the targeted gene reduces cell 

viability when deleted) in each platform (Figures 3.7c and 3.7d). Genes essential in each context, 

as well as pan-essential genes common to both platforms, included core pathways involved in 

translation, ribosome functions, and RNA processing, cell cycle regulation, protein localization, 

and chromosomes and DNA repair (Figure 3.7e). Gene hits were stratified to identify context-

specific dependencies (Figure 3.7f). Genes selectively essential in sphere culture were enriched 

for cell cycle, endoplasmic reticulum, golgi and glycosylation, lipid metabolism, and response to 

oxygen pathways. GSCs grown in the 3D tetra-culture system were more dependent on 

transcription factor activity, cell development and differentiation, NF-κB signaling, and immune 

regulation pathways (Figures 3.7g-k). Thus, the 3D bioprinted model system allowed for 

interrogation of functional dependencies of brain tumor cells in physiological settings and in 

combination with stromal fractions and revealed a more complex functional dependency network 

than that observed in sphere culture. 

To further validate 3D bioprinted-specific dependencies, we stratified our whole genome 

CRISPR screening results (Figures 3.8a and 3.8b). Individual gene knockout in luciferase labeled 

GSCs of PAG1, ZNF830, ATP5H, and RNF19A with two independent sgRNAs reduced GSC 

viability in both sphere culture and tetracultures (Figures 3.8c-m). 
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Figure 3.7 Whole genome CRISPR-Cas9 screen reveals context-dependent functional 

dependencies. 
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Figure 3.8 PAG1 and ZNF830 are potential therapeutic targets in glioblastoma. 

Taken together, this screening approach has identified novel candidates for future 

investigation and potential therapeutic development. 
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3.3.7 3D Bioprinted Signatures Associated with Poor GBM Prognosis  

To determine the clinical relevance of the 3D bioprinted system, we investigated the 

transcriptional profiles relative to glioblastoma patients. Signatures of genes upregulated either in 

intracranial orthotopic xenografts or in 3D tetra-culture compared to sphere culture were elevated 

in glioblastomas compared to low-grade gliomas in The Cancer Genome Atlas (TCGA), Chinese 

Glioma Genome Atlas (CGGA), and the Rembrandt dataset (Figures 3.9a-d).  The 3D tetra-culture 

gene signature was elevated in recurrent glioblastomas compared to primary tumors (Figure 3.9e) 

and in the mesenchymal subtype compared to classical or proneural glioblastomas (Figure 3.9f). 

In the TCGA and CGGA datasets, the orthotopic xenograft signature and the 3D tetra-culture 

signature were associated with poor glioblastoma patient prognosis (Figures 3.9g-j). Many genes 

with individual poor prognostic significance were upregulated in the intracranial xenograft 

signature, including CHI3L2, POSTN, and NDRG1 (Figure 3.9k), while DENND2A, MAOB, and 

IGFBP2 were upregulated in the 3D bioprinted cultures (Figure 3.9l). Genes with poor prognostic 

significance were enriched among all genes in the 3D tetra-culture signature, when compared to a 

background of all genes (Figure 9m). Thus, 3D bioprinting enabled investigation of gene pathways 

associated with more aggressive glioblastomas, suggesting that this model can serve as a more 

realistic therapeutic discovery platform for the most lethal classes of glioblastoma. 
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Figure 3.9 3D bioprinting contributes to upregulation of genes with poor prognostic significance 

in glioblastoma. 
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3.4 Discussion 

To improve modeling of a highly lethal brain cancer for which current therapies are limited, 

we utilized a DLP-based 3D bioprinting system to model glioblastoma, the most common and 

highly lethal type of brain tumor. Studies have reported using 3D printing to create coculture 

models of glioblastoma cells with other stromal cells or fabricate HA-based hydrogel to mimic 

brain ECM.23,24,47 However, most prior models focus on only one aspect of the in vivo situation or 

used non-human cells, which reduced their capacity to be applied to actual clinical settings. To the 

best of our knowledge, this is the first report of a human cell-based 3D glioblastoma model that 

recapitulates the complex tumor microenvironment with inclusion of normal brain, immune 

components, stromal components, and essential mechanical and biochemical cues from the 

extracellular matrix.  

The tumor microenvironment provides essential signals to guide tumor growth and 

survival; however, these cues are inefficiently modeled in standard 2D culture, even in the absence 

of serum. Hypoxic signaling contributes to glioblastoma aggressiveness by remodeling GSC 

phenotypes.48,49 Our 3D tetra-culture brain tumor model expressed hypoxia response signatures, 

allowing for investigation of hypoxic signaling in a physiologic environment, unlike standard cell 

culture systems. Critical growth factor signaling elements are provided from neurons50-54, NPCs55, 

ECM components56,57, and immune fractions, including macrophages58,59. The perivascular niche 

provides a variety of signals including Wnts60, ephrins61, and osteopontins62 to promote 

glioblastoma invasion, growth, and maintenance of GSCs. Future studies will be required to 

integrate vascular components into the 3D printed model system to further study these important 

components of the brain tumor microenvironment. The 3D tetra-culture tissue environment 

presented here enables controlled, reproducible, and scalable interrogation of these various cellular 
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interactions that drive brain tumor biology. While microenvironmental components supply critical 

niche factors to sustain the tumor ecosystem, stromal elements are also actively remodeled by 

malignant cells.63  Here, we observed the role of immune cells in glioblastoma growth, including 

changes in gene expression, invasive behaviors, and response to treatments. Reciprocally, we also 

find that the 3D glioblastoma microenvironment promoted polarization of macrophages towards a 

protumoral M2 macrophage phenotype, highlighting this bidirectional crosstalk. 

The bioprinting approach generates a spatially separated tumor region and surrounding 

non-neoplastic neural tissue with defined cell density which allows the cells to interact in a more 

realistic manner, providing a highly reproducible platform for the interrogation of cell-cell 

interactions with several key advantages. First, this 3D glioblastoma tissue model allows for 

investigation of tumor-immune interactions in a fully human species-matched system, which is not 

possible in xenograft or genetically engineered mouse model. This may facilitate understanding of 

human-specific immune interactions and advance the field of neuro-oncoimmunology by 

providing insights into immunotherapy efficacy. Second, combining tumoral and non-neoplastic 

neural components within one model will propel drug discovery efforts by enabling measurements 

of therapeutic efficacy, toxicities, and therapeutic index. The scalability and reproducibility of this 

3D bioprinted system also allows for more high-throughput compound screening efforts. Our 

findings suggest that the 3D bioprinted model displays transcriptional signatures closer to patient-

derived glioblastoma tissue, and that local stromal interactions present within our model promotes 

broad therapeutic resistance, enabling compound discovery efforts in a challenging environment. 

Third, the 3D bioprinted model is amenable to large-scale whole-genome CRISPR-Cas9-based 

screening methods to uncover novel functional dependencies in a physiologic setting. This model 
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extends previous approaches by characterizing context-dependent target essentiality in cancer cells 

and allowing for investigation of multivalent stromal cell dependencies. 

In conclusion, we report a controlled, reproducible, and scalable 3D engineered 

glioblastoma tissue environment that serves as a more physiologically accurate brain tumor model, 

facilitates interrogation of the multicellular interactions that drive brain tumor biology, and acts as 

a platform for discovery of novel functional dependencies. 

3.5 Materials and Methods 

3.5.1 GelMA and GMHA synthesis and characterization 

GelMA and GMHA were synthesized using Type A, gel strength 300 gelatin from porcine 

skin (Sigma Aldrich cat #: G2500) and 200,000 Da hyaluronic acid (Lifecore), respectively, as 

described previously.64,65 Briefly, for the GelMA synthesis of 95% degree of methacrylation, 10% 

(w/v) gelatin was dissolved in 0.25 M 3:7 carbonate-bicarbonate buffer solution (pH ~9) at 50 °C. 

Methacrylic anhydride was added dropwise at a volume of 0.1 mL/(gram gelatin). The reaction 

was left to run for one hour at 50 °C. After synthesis, the solutions were dialyzed, frozen overnight 

at −80 °C, and lyophilized. Freeze-dried GelMA and GMHA were stored at −80 °C and 

reconstituted immediately before printing to stock solutions of 20% (w/vol) and 4% (w/vol), 

respectively. All materials were sterilized by syringe filters before mixing with cells (Millipore). 

The degree of methacrylation of GelMA and GMHA were quantified using proton NMR (Bruker, 

600 MHz). 

3.5.2 Cell culture 

Xenografted tumors were dissociated using a papain dissociation system according to the 

manufacturer’s instructions. GSCs were then cultured in Neurobasal medium supplemented with 

2% B27, 1% L-glutamine, 1% sodium pyruvate, 1% penicillin/streptomycin, 10 ng/mL basic 
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human fibroblast growth factor (bFGF), and 10 ng/mL human epidermal growth factor (EGF) for 

at least 6 hours to recover expression of surface antigens. GSC phenotypes were validated by 

expression of stem cell markers (SOX2 and OLIG2) functional assays of self-renewal (serial 

neurosphere passage), and tumor propagation using in vivo limiting dilution. 

THP-1 monocytes were cultured in RPMI 1640 (Gibco) medium supplemented with 10% 

heat-inactivated fetal bovine serum (FBS, Invitrogen) and 1% penicillin/streptomycin. To obtain 

monocyte-derived M2 macrophage, THP-1 monocytes were first seeded in 6-well plates at a 

density of 5 x 105 cells/mL (3 mL/well). Polarization to M2 macrophage was induced by (1) 

incubating cells in 200 ng/mL phorbol 12-myristate 13-acetate (PMA, Sigma Aldrich) for 48 

hours, (2) replacing with THP1 complete medium for 24 hours, and then (3) incubating in 20 

ng/mL interleukin 4 (IL4, Peprotech) and 20 ng/mL interleukin 13 (IL13, Peprotech) for 48 hours. 

hNP1 neural progenitor cells (Neuromics) were cultured on Matrigel coated plates using the 

complete NBM medium for GSCs. Human astrocytes (ThermoFisher) were cultured with astrocyte 

medium (ScienCell) supplemented with 1% penicillin/streptomycin. 

3.5.3 3D bioprinting process 

Before printing, GSCs, hNP1s, and astrocytes were digested by Accutase (Stemcell 

Technology), and macrophages were digested with TrypLE (ThermoFisher). For the 3D tetra-

culture samples, the cell suspension solution for the tumor core consisted of 25 x 106 cells/mL 

GSCs and 12.5 x 106 cells/mL macrophages (GSCs:M2=2:1). For the 3D tri-culture samples, the 

core cell suspension solution consisted of 25 x 106 cells/mL GSCs only. The cell suspension 

solution for the peripheral region for both models consisted of 10 x 106 cells/mL hNP1s and 10 x 

106 cells/mL astrocytes. All cell suspensions were aliquoted into 0.5ml Eppendorf tubes and stored 

on ice before use. The prepolymer solution for bioprinting was prepared with 8% (w/v) GelMA, 
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0.5% (w/v) GMHA, and 0.6% (w/v) lithium phenyl(2,4,6-trimethylbenzoyl)phosphinate (LAP) 

(Tokyo Chemical Industry). Prepolymer solution was kept at 37 °C in dark before use. Cell 

suspension was mixed with prepolymer solution at 1:1 ratio immediately before printing to 

maximize viability.  

The two-step bioprinting process utilized a customized light-based 3D printing system. 

Components of the system included a digital micromirror device (DMD) chip (Texas Instruments), 

a motion controller (Newport), a light source (Hamamatsu), a printing stage, and a computer with 

software to coordinate all the other components. The thickness of the printed samples was precisely 

controlled by the motion controller and the stage. Cell-material mixture was loaded onto the 

printing stage, and the corresponding digital mask was input onto the DMD chip. Light was turned 

on for an optimized amount of exposure time (20 seconds for the core and 15 seconds for the 

periphery). The bioprinted 3D tri-culture/tetra-culture samples were then rinsed with DPBS and 

cultured in maintenance medium at 37 °C with 5% CO2. Maintenance medium was made of 50% 

of complete NBM medium, 25% of THP1 medium, and 25% of astrocyte medium. 

3.5.4 Human Induced Pluripotent Stem Cell (hiPSC)-derived macrophage generation 

hiPSC-derived macrophages differentiation protocol was adapted from Yanagimachi et 

al.66 and modified from Mesci et al.38 Briefly, iPSCs cell lines were generated as previously 

described, by reprogramming fibroblast from a healthy donor.67 The iPSC colonies were plated on 

Matrigel-coated (BD Biosciences) plates and maintained in mTESR media (Stem Cell 

Technologies). The protocol of myeloid cell lineage consisted of 4 sequential steps. In the first 

step, primitive streak cells were induced by BMP4 addition, which in step 2, were differentiated 

into hemangioblast-like hematopoietic precursors [VEGF (80 ng/ml, Peprotech), SCF (100 ng/ml, 

Gemini) and basic fibroblast growth factor (bFGF), (25 ng/ml, Life Technologies)]. Then, in the 
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third step, the hematopoietic precursors were pushed towards myeloid differentiation [FLT-3 

ligand (50 ng/ml, HumanZyme), IL-3 (50 ng/ml, Gemini), SCF (50 ng/ml, Gemini), 

Thrombopoietin, TPO (5 ng/ml), M-CSF (50 ng/ml)] and finally into the monocytic lineage in step 

4 [FLT3-ligand (50 ng/ml), M-CSF (50ng/ml), GM-CSF (25 ng/ml)]. Cells produced in suspension 

in step 4 were recovered, sorted by using anti-CD14 magnetic microbeads (MACS, Miltenyi) and 

then integrated into 3D bioprinted models as described above. 

3.5.5 Isolation and generation of primary human macrophages 

Human blood was obtained from healthy volunteers from the Scripps Research Institute 

Normal Blood Donor service. Mononuclear cells were isolated by gradient centrifugation using 

Lymphoprep (#07851 STEMCELL), washed with PBS, and treated with red blood cell lysis buffer. 

Cells were plated to adhere monocytes and cultured in 10% heat inactivated FBS in RPMI with 

HEPES, GlutaMAX, 1mM Sodium Pyruvate, and Pen/Strep with 50 ng/mL mCSF for 6 days as 

described by Ogasawara et al.68 Unpolarized M0 macrophages were collected and integrated into 

3D bioprinted models as described above.  

3.5.6 Mechanical Testing 

Compressive modulus of the 3D printed constructs was measured with a MicroSquisher 

(CellScale). Pillars with 1 mm in diameter and 1 mm in height were printed with same conditions 

used for the tissue models and incubated overnight at 37 °C. Both acellular and cell-encapsulated 

constructs were tested. The MicroSquisher utilized stainless steel beams and platens to compress 

the constructs at 10% displacement of their height. Customized MATLAB scripts were used to 

calculate the modulus from the force and displacement data collected by MicroSquisher. 

3.5.7 Scanning electron microscopy (SEM)  
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Surface patterns of the materials and cell-material interactions on micron-scale were 

imaged with a scanning electron microscope (Zeiss Sigma 500). Acellular samples were snap-

frozen in liquid nitrogen and immediately transferred to the freeze drier to dry overnight. Cell-

encapsulated samples were dried based on a chemical dehydration protocol. Briefly, samples were 

fixed using 2.5% glutaraldehyde solution for 1 hour at room temperature and then overnight at 

4°C. On the next day, the samples were rinsed with DPBS for three times and soaked in 70% 

ethanol, 90% ethanol, and 95% ethanol subsequently, each for 15 minutes. Then the solution was 

replaced with 100% ethanol for 10 minutes, and the step was repeated two more times. 

Hexamethyldisilazane (HDMS) was mixed with 100% ethanol at 1:2 ratio and 2:1 ratio. Samples 

were first transferred to HDMS:EtOH (1:2) for 15 minutes, then HDMS:EtOH (2:1) for 15 

minutes. Then the solution was replaced with 100% HDMS for 15 minutes, and the step was 

repeated two more times. The samples were left uncovered in chemical hood overnight to dry. The 

freeze-dried or chemically dried samples were coated with iridium by a sputter coater (Emitech) 

prior to SEM imaging. 

3.5.8 Immunofluorescence staining and image acquisition of tumor model 

3D bioprinted samples and sphere cultured cells were fixed with 4% paraformaldehyde 

(PFA; Wako) for 30 minutes and 15 minutes, respectively, at room temperature. All samples were 

blocked and permeabilized using 5% (w/v) bovine serum albumin (BSA, Gemini Bio-Products) 

solution with 0.1% Triton X-100 (Promega) for 1 hour at room temperature on a shaker. Samples 

were then incubated with the respective primary antibody (listed below) overnight at 4 °C. On the 

next day, samples were rinsed by DPBS with 0.05% Tween 20 (PBST) for three times on the 

shaker. Samples were incubated with fluorophore-conjugated goat anti rabbit or goat anti mouse 

secondary antibodies (1:200; Biotium) and Hoechst 33342 (1:1000; Life Technologies) 
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counterstain in DPBS with 2% (w/v) BSA for 1 hour at room temperature in dark. After incubation, 

samples were rinsed three times in PBST and stored in DPBS with 0.05% sodium azide (Alfa 

Aesar) at 4 °C before imaging. Fluorescence images of 3D samples and their sphere cultured 

counterparts were taken with a confocal microscope (Leica SP8) using consistent settings for each 

antibody.  

Fluorescence images of EGFP or mCherry labeled cells in the 3D samples were also 

acquired using the confocal microscope. Tile scan merging was completed by the automated 

program on the Leica microscope and the z-stack projection was completed by ImageJ. 

Quantification of the migration was based on the fluorescence images processed by ImageJ.  

Table 3.1 Immunofluorescent antibodies. 
Immunofluorescence 

Antibody 

Species Dilution Manufacturer 

SOX2 rabbit anti human 1:100 Abcam 97959 

GFAP mouse anti human  1:100 MilliporeSigma G3893 

CA9 rabbit anti human  1:100 Novus Biologicals NB100-417 

Ki67 rabbit anti human  1:100 Abcam ab16667 

MAP2 mouse anti human  1:100 R&D systems MAB304 

TUBB3 (TUJ1) mouse anti human  1:100 R&D systems MAB1195 

OLIG2 mouse anti-human  1:100 Millipore MABN50 

EGFR (D38B1) rabbit anti-human  1:50 Cell Signaling Technologies 

#4267 

PhosphoEGFR Y1173 mouse anti-human  1:200 MilliporeSigma 16244 

 

3.5.9 RNA isolation and reverse transcription-polymerase chain reaction (RT-PCR) 

EGFP labeled GSCs and mCherry labeled THP1s were isolated from 3D printed tri-culture 

and tetra-culture samples using flow cytometry (BD FACSAria II). Cells isolated from 3D and 

sphere cultured cells were treated with TRIzol reagent (Life Technologies) before RNA extraction. 

Total RNA of each sample was extracted using Direct-zol RNA MiniPrep Kit (Zymo) and 
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immediately stored at −80 °C. To perform RT-PCR, cDNA was first obtained by RNA reverse 

transcription using the ProtoScript® First Strand cDNA Synthesis Kit (New England BioLabs) 

with input RNA of 200ng per sample. The primers were purchased from Integrated DNA 

Technologies. RT-PCR was performed using PowerUp SYBR Green master mix (Applied 

Biosystems) and detected with Quantstudio 3 RT-PCR system. Gene expression was determined 

by the threshold cycle (Ct) values normalized against the housekeeping gene.  

Table 3.2 Primer sequences for RT-PCR. 

Gene  Accession 

Number  

Forward Primer (5’->3’)  Reverse Primer (5’->3’)  

GAPDH NM_002046.7  ACAACTTTGGTATCGTGGAAG

G 

GCCATCACGCCACAGTTTC 

SOX2  NM_003106.4 TACAGCATGTCCTACTCGCAG  GAGGAAGAGGTAACCACAGGG  

OLIG2  NM_005806.4  TGGCTTCAAGTCATCCTCGTC  ATGGCGATGTTGAGGTCGTG  

MAP2  XM_017004138.2  CTCAGCACCGCTAACAGAGG  CATTGGCGCTTCGGACAAG  

TUJ1  NM_006086.4  GGCCAAGGGTCACTACACG  GCAGTCGCAGTTTTCACACTC  

CD163  NM_203416.3  AAAAAGCCACAACAGGTCGC  CTTGAGGAAACTGCAAGCCG  

IL10  NM_000572.3  TACGGCGCTGTCATCGATTT  TAGAGTCGCCACCCTGATGT  

IL4Ra  NM_001257406.1  GACCTGGAGCAACCCGTATC  AATCTGCCGGGTCGTTTTCA  

TNFa  NM_000594.4  AGAACTCACTGGGGCCTACA  GCTCCGTGTCTCAAGGAAGT  

NOS2  NM_000625.4  CGCATGACCTTGGTGTTTGG  CATAGACCTTGGGCTTGCCA  

CA9 NM_001216 GGATCTACCTACTGTTGAGGCT CATAGCGCCAATGACTCTGGT 

NDRG1 NM_006096 CTCCTGCAAGAGTTTGATGTCC TCATGCCGATGTCATGGTAGG 

COL6A2 NM_058174 TACGGAGAGTGCTACAAGGTG GGTCCTGGGAATCCAATGGG 

COL1A1 NM_000088 GAGGGCCAAGACGAAGACATC CAGATCACGTCATCGCACAAC 

LOX NM_001178102 CGGCGGAGGAAAACTGTCT TCGGCTGGGTAAGAAATCTGA 

RUNX2 NM_001015051 TGGTTACTGTCATGGCGGGTA TCTCAGATCGTTGAACCTTGCT

A 

STAT6 NM_001178080 GTTCCGCCACTTGCCAATG TGGATCTCCCCTACTCGGTG 

TLR4 NM_138557 AGACCTGTCCCTGAACCCTAT CGATGGACTTCTAAACCAGCCA 

HIF3A NM_152795 ATGCGGTCAGCAAGAGCATC AGACGATACTCTCCGACTGGG 

 



106 

 

 

3.5.10 RNA sequencing and data analysis 

RNA was purified as described above and subjected to RNA-sequencing. Paired-end 

FASTQ sequencing reads were trimmed using Trim Galore version 0.6.2 

(https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/) using cutadapt version 2.3. 

Transcript quantification was performed using Salmon69 version 0.13.1 in the quasi-mapping mode 

from transcripts derived from human Gencode release 30 (GRCh38.12).70 Salmon “quant” files 

were converted using Tximport71 

(https://bioconductor.org/packages/release/bioc/html/tximport.html) and differential expression 

analysis was performed using DESeq272 in the R programming language. Data from GSCs and 

primary glioblastoma surgical resection tissues were derived from Mack et al37 and were processed 

using the same analysis pipeline. Data from matched GSCs grown in serum-free sphere culture 

and orthotopic intracranial xenografts were derived from Miller et al36 and were processed using 

the same analysis pipeline. Processed data from matched GSCs and differentiated tumor cells were 

derived from Suva et al73 and differentially expressed genes were calculated using the Limma-

Voom algorithm in the Limma package74 in the R programming language. 

Principal component analysis was performed within the DESeq2 package using the top 

5,000 differentially expressed genes. Uniform Manifold Approximation and Projection (UMAP) 

analysis was performed using the UMAPR package (https://github.com/ropenscilabs/umapr) and 

uwot (https://cran.r-project.org/web/packages/uwot/index.html) For comparisons of glioblastoma 

tissue samples with GSCs grown in standard sphere culture, analysis parameters include: sample 

size of local neighborhood, number of neighbors = 40; learning rate = 0.5; Initialization of low 

dimensional embedding = random; metrics for computation of distance in high dimensional space 

= manhattan. For comparisons of GSCs derived from sphere culture or 3D bioprinted models, 

https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/
https://bioconductor.org/packages/release/bioc/html/tximport.html
https://github.com/ropenscilabs/umapr
https://cran.r-project.org/web/packages/uwot/index.html
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analysis parameters include: sample size of local neighborhood, number of neighbors = 3; 

Initialization of low dimensional embedding = random; metrics for computation of distance in high 

dimensional space = cosine. 

Gene set enrichment analysis was performed using the online GSEA webportal 

(http://software.broadinstitute.org/gsea/msigdb/annotate.jsp) and the GSEA desktop application 

(http://software.broadinstitute.org/gsea/downloads.jsp) 75,76. Pathway enrichment bubble plots 

were generated using the Bader Lab Enrichment Map Application 77 and Cytoscape 

(http://www.cytoscape.org). Glioblastoma transcriptional subtypes were calculated using a 

program written by Wang et al 78 and implemented in R. Gene signatures were calculated using 

the single sample Gene Set Enrichment Analysis Projection (ssGSEAProjection) module on 

GenePattern (https://cloud.genepattern.org). 

3.5.11 CRISPR Editing 

CRISPR editing was performed on CW468 GSCs as well as luciferase labeled CW468 GSCs 

(CW468-Luc). For unlabeled cells, sgRNAs were cloned into the LentiCRISPRV2 plasmid containing a 

puromycin selection marker (Addgene Plasmid #52961), while luciferase labeled cells were edited with 

sgRNAs cloned into the LentiCRISPRV2 plasmid containing a hygromycin selection marker (Addgene 

Plasmid #98291). sgRNA sequences were chosen from the Human CRISPR Knockout Pooled Library 

(Brunello)79 and are listed here: 

 

 

 

 

 

 

 

 

 

 

 

http://software.broadinstitute.org/gsea/msigdb/annotate.jsp
http://software.broadinstitute.org/gsea/downloads.jsp
http://www.cytoscape.org/
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Table 3.3 sgRNA sequences for knockout experiment. 
Gene 

Targeted 

Guide 

Designation 

Short 

Name 

Forward Reverse 

Non-

targeting 

Control 

sgCONT sgCONT CACCGCTCTGCTGCGGAAGG

ATTCG 

AAACCGAATCCTTCCGCAG

CAGAGC 

PAG1 PAG1_4349

5 

sgPAG1.1 CACCGAACTGTGAAAGAGAT

CAAGG 

AAACCCTTGATCTCTTTCAC

AGTTC 

PAG1 PAG1_4349

8 

sgPAG1.9 CACCGTGAGTTTGCTGAATA

TGCCT 

AAACAGGCATATTCAGCAA

ACTCAC 

ZNF830 ZNF830_55

900 

sgZNF830.

3 

CACCGTAAATCAGGAAGAAT

TGCGG 

AAACCCGCAATTCTTCCTGA

TTTAC 

ZNF830 ZNF830_55

899 

sgZNF830.

1 

CACCGGGAAAGGAGAGAAA

ACACCG 

AAACCGGTGTTTTCTCTCCT

TTCCC 

RNF19A RNF19A_34

020 

sgRNF19A

.20 

CACCGAATATCAAGCGAATA

TCATG 

AAACCATGATATTCGCTTGA

TATTC 

RNF19A RNF19A_34

019 

sgRNF19A

.19 

CACCGAAGACACAACCCAA

GCATAG 

AAACCTATGCTTGGGTTGTG

TCTTC 

ATP5H ATP5H_282

15 

sgATP5H.

15 

CACCGTCAGAAACATACTGA

CCTGG 

AAACCCAGGTCAGTATGTTT

CTGAC 

ATP5H ATP5H_282

13 

sgATP5H.

13 

CACCGGAATCCACCAGCTAT

CGACT 

AAACAGTCGATAGCTGGTG

GATTCC 

 

3.5.12 Western blot analysis 

Cells were collected and lysed in RIPA buffer (50 mM Tris-HCl, pH 7.5; 150 mM NaCl; 

0.5% NP-40; 50 mM NaF with protease inhibitors) and incubated on ice for 30 minutes. Lysates 

were centrifuged at 4C for 10 minutes at 14,000 rpm, and supernatant was collected. The Pierce 

BCA protein assay kit (Thermo Scientific) was utilized for determination of protein concentration. 

Equal amounts of protein samples were mixed with SDS Laemmli loading buffer, boiled for 10 

minutes, and electrophoresed using NuPAGE Bis-Tris Gels, then transferred onto PVDF 

membranes. TBS-T supplemented with 5% non-fat dry milk was used for blocking for a period of 

1 hour followed by blotting with primary antibodies at 4°C for 16 hours. Blots were washed 3 

times for 5 minutes each with TBS-T and then incubated with appropriate secondary antibodies in 
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5% non-fat milk in TBS-T for 1 hour. For all western immunoblot experiments, blots were imaged 

using BioRad Image Lab software and subsequently processed using Adobe Illustrator to create 

the figures. 

Table 3.4 Western blot antibodies. 
Western Blot Antibody Species Dilution Manufacturer 

PAG1 Rabbit anti human 1:1000 Abcam ab14989 

ZNF830 Rabbit anti human 1:2000 Novus Biologicals NB100-68229 

ATP5H Rabbit anti human 1:1000 Proteintech 17589-1-AP 

RNF19A Rabbit anti human 1:1000 Bethyl Laboratories A303-105A 

FLAG Mouse anti human 1:2000 Sigma F1804 

Tubulin Mouse anti-human 1:2000 Sigma T6074 

EGFR (D38B1) Rabbit anti human 1:1000 Cell Signaling Technologies #4267 

Phospho-EGFR Y1173 (53A5) Rabbit anti human 1:1000 Cell Signaling Technologies 4407 

Phospho-EGFR Y1068 (D7A5) Rabbit anti human 1:1000 Cell Signaling Technologies #3777 

 

3.5.13 Molecular diffusion assessment 

3D printed hydrogels were printed and incubated in DPBS overnight at 37°C. Fluorescein 

Isothiocyanate (FITC)-dextran with average molecular weight of 4,000 Da was dissolved in DPBS 

at concentration of 500 µg/mL. DPBS was removed and FITC-dextran solutions were added to the 

wells with 3D printed hydrogels. Hydrogels were incubated in FITC-dextran solution at 37 °C for 

0, 5, 15, 30, 60, and 120 minutes; rinsed three times with DPBS; and then imaged using 

a fluorescence microscope. Fluorescence intensities of the hydrogel were measured by ImageJ. 

The average intensities and the spatial intensities at each time point were calculated in Excel and 

plotted using PRISM.  

3.5.14 Drug response assessment 

3D tri-culture/tetra-culture samples were printed as described above, with regular GSCs 

substituted with luciferase-labeled GSCs. 3D samples and sphere cultured cells plated on Matrigel 

coated slides were treated with drugs after 5 days in culture. Drug effects were evaluated 72 hours 
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later for erlotinib and gefitinib. For temozolomide, medium was replaced with fresh medium with 

temozolomide 72 hours after first treatment, and the drug response was evaluated 72 hours after 

second treatment. Luciferase readings were obtained using using the Promega luciferase assay 

system (E1500) based on the provided protocol and a Tecan Infinite M200 plate reader. 

Abiraterone (HY-70013), vemurafenib (HY-12057), and ifosfamide (HY-17419), erlotinib (HY-

50896), and gefitinib (HY-50895) from MedChemExpress was used to generate dose response 

curves in vitro. 

Sphere culture cell proliferation experiments were conducted by plating cells of interest at 

a density of 2,000 cells per well in a 96-well plate with 6 replicates. Cell Titer Glo (Promega) was 

used to measure cell viability. Data is presented as mean +/- standard deviation. 

3.5.15 Drug sensitivity prediction 

Therapeutic sensitivity and gene expression data were accessed through the Cancer 

Therapeutics Response Portal (https://portals.broadinstitute.org/ctrp/)44-46. Gene signature scores 

were calculated for each cell line in the dataset using the single sample Gene Set Enrichment 

Analysis Projection (ssGSEAProjection) module on GenePattern (https://cloud.genepattern.org). 

Gene signature score was then correlated with area under the curve (AUC) values for drug 

sensitivity for each compound tested. Correlation r-value was plotted and statistical analyses were 

corrected for multiple test correction.  

3.5.16 CRISPR screening and data analysis 

Whole genome CRISPR-Cas9 loss-of-function screening was performed with the Human 

CRISPR Knockout Pooled Library (Brunello)79, which was a gift from David Root and John 

Doench (Addgene #73178). The library was used following the instructions on Addgene website 

(https://www.addgene.org/pooled-library/broadgpp-human-knockout-brunello). Briefly, the 

https://portals.broadinstitute.org/ctrp/
https://cloud.genepattern.org/
https://www.addgene.org/pooled-library/broadgpp-human-knockout-brunello
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library was stably transduced into GSCs by lentiviral infection with a multiplicity of infection 

(MOI) around 0.3-0.6, after puromycin selection, cells were propagated in either standard sphere 

cell culture conditions or in a 3D tetra-culture system. After 10 days, genomic DNA was extracted 

from GSCs and the sequencing library was generated using the protocol on Addgene website 

(https://media.addgene.org/cms/filer_public/61/16/611619f4-0926-4a07-b5c7-

e286a8ecf7f5/broadgpp-sequencing-protocol.pdf). Sequencing quality control was performed 

using FASTQC (http://www.bioinformatics.babraham.ac.uk/projects/fastqc) and enrichment and 

dropout were calculated using the MAGECK-VISPR pipeline80,81 using the MAGeCK-MLE 

pipeline.  

3.5.17 In Vivo Tumorigenesis Assays 

Intracranial xenografts experiments were generated by implanting 15,000 patient-derived 

GSCs (CW468) following treatment with sgRNAs targeting PAG1 or ZNF830 or a non-targeting 

control sgRNA (sgCONT) into the right cerebral cortex of NSG mice (NOD.Cg-Prkdcscid 

Il2rgtm1Wjl/SzJ, The Jackson Laboratory, Bar Harbor, ME, USA) at a depth of 3.5 mm under a 

University of California, San Diego Institutional Animal Care and Use Committee (IACUC) 

approved protocol. All murine experiments were performed under an animal protocol approved by 

the University of California, San Diego Institutional Animal Care and Use Committee. Healthy, 

wild-type male or female mice of NSG background, 4–6 weeks old, were randomly selected and 

used in this study for intracranial injection. Mice had not undergone prior treatment or procedures. 

Mice were maintained in 14 hours light/10 hours dark cycle by animal husbandry staff with no 

more than 5 mice per cage. Experimental animals were housed together. Housing conditions and 

animal status were supervised by a veterinarian. Animals were monitored until neurological signs 

were observed, at which point they were sacrificed. Neurological signs or signs of morbidity 

https://media.addgene.org/cms/filer_public/61/16/611619f4-0926-4a07-b5c7-e286a8ecf7f5/broadgpp-sequencing-protocol.pdf
https://media.addgene.org/cms/filer_public/61/16/611619f4-0926-4a07-b5c7-e286a8ecf7f5/broadgpp-sequencing-protocol.pdf
http://www.bioinformatics.babraham.ac.uk/projects/fastqc
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included hunched posture, gait changes, lethargy and weight loss. Survival was plotted using 

Kaplan-Meier curves with statistical analysis using a log-rank test. 

Subcutaneous xenografts were established by implanting 2 million luciferase-labeled 

CW468 GSCs into the right flank of NSG mice and maintained as described above. Two weeks 

after implantation, treatment was initiated with 80mg/kg of ifosfamide (HY-17419, 

MedChemExpress) dissolved in 90% safflower oil (Spectrum Laboratory Products) and 10% 

DMSO or vehicle alone by 100μL intraperitoneal injection once per day for 28 days. 

Luminescence signal was assessed at days 0, 7, 14, 21, and 28 after initiation of treatment using 

bioluminescence imaging following injection of luciferin reagent intraperitoneally. Tumor size 

was normalized based on the day 7 time point for each mouse individually. 

3.5.18 Statistical analysis 

Statistical analysis parameters are provided in each figure legend. Multiple group 

comparisons were compared by one-way ANOVA with Tukey’s post-hoc analysis (by GraphPad 

Prism). P < 0.05 was designated as the threshold value for statistical significance. All data were 

displayed as mean values with error bars representing standard deviation. 
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CHAPTER 4 Investigating Drug Susceptibility and Cellular Transformations in Bioprinted 

Models  

4.1 Abstract 

TAMs are a heterogeneous population of major non-neoplastic cells in GBM known to be 

associated with various tumor progression events and drug responses, rendering them important 

therapeutic targets. TAMs originate from two distinct sources, the blood circulating myeloid cells, 

mainly the monocytes, and the brain-resident macrophage, the microglia. In this work, we 

developed a machine learning strategy to predict sensitivity of cells within the 3D bioprinted 

patient-derived GBM-TAM models fabricated with GBM-relevant biomaterials and matrix 

properties to 481 well-characterized small molecule drugs. We identified different therapeutic 

susceptibilities of GBM models composed of different myeloid types and validated representative 

drugs using the 3D models. Feature importance extracted from the machine learning models 

indicated important pathways related to drug sensitivity prediction. We next evaluated the 

microglia and monocyte’s gene expression and cytokine release profiles in the 3D bioprinted GBM 

models and identified differential phenotypic transformation of the two myeloid cell types after 

3D coculture. Microglia and monocytes both responded to the GBM microenvironment and 

acquired profound hypoxic signatures. Microglia-derived TAMs were more enriched in 

angiogenesis pathways, while monocytes-derived TAMs demonstrated increased inflammatory 

and cytokine activities. Microglia and monocytes exhibited similar transformation in the classic 

and proneural subtype GBM models, demonstrating the findings may be relatively conserved 

across the two subtypes.   

4.2 Introduction 

Glioblastoma remains the most common malignant central nervous system tumor with a 

patient 5-year survival of 6.8%.1 Investigations based solely on molecular alterations driving 
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neoplastic events have translated into relatively limited survival advantages in clinical practice for 

glioblastoma (GBM), the most aggressive type of brain tumor. Tumor-associated macrophages 

(TAMs) originate from two distinct myeloid sources, the blood circulating monocytes and the 

brain-resident microglia, together forming a protumor stroma for GBM growth and progression.2 

TAMs are a heterogeneous and highly plastic population of non-neoplastic cells that account for a 

substantial part, ranging from 30% to 50%, of tumor mass and involved in GBM malignancy and 

drug resistance.2,3 Therefore, targeting TAMs has obtained popularity as potential adjuvant 

intervention to improve the clinical outcomes. Different origins of the two myeloid cell types could 

lead to their different phenotypic transformation or consequent drug susceptibilities after being 

educated by the GBM microenvironment. These distinctions are yet to be investigated. 

Studies on 3D models that enable crosstalk between tumor cells and stromal cells provide 

valuable insights into GBM cancer cell dependencies and phenotypic features of cancer cells such 

as growth and migration.4,5 Transcriptional analysis results showed that 3D samples more closely 

resembled the patient transcriptome than traditional 2D-cultured cells, demonstrating importance 

of physiologically relevant 3D multicellular microenvironment. In addition, in vitro modeling also 

benefits from the development of tissue-relevant biomaterials and precise control of material 

localization and properties through advanced biofabrication technologies. The materials used to 

encapsulate cells not only serve as physical scaffolds for cell adherence and migration, but also 

provides essential biochemical cues and spatial gradient of nutrients and oxygen that further 

enhances the biomimicry of in vitro models.  

Biofabrication techniques to construct 3D tumor models mainly include organoid self-

assembly and 3D bioprinting. Cancer organoid systems including colorectal cancer, breast cancer, 

hepatocellular and cholangiocarcinomas, pancreatic cancers, and glioblastomas, have been 
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developed and employed to identify genomic alterations driving the cancer or as drug screening 

tools. While revealing profound insights into disease mechanisms, organoids are mainly focused 

on cancer cells with rare inclusion of stromal interactions. The process of self-assembly also 

provides limited control over material properties to mimic the ECM or cell positioning, leading to 

intrinsic variations among organoids. Creating clinically relevant GBM microenvironments 

demands precise control of the matrix properties and cellular compositions, which could be 

achieved with 3D bioprinting and biomaterials developed for each printing techniques. Natural 

material such as hyaluronic acid, gelatin, collagen, and synthetic polymers such as polyethylene-

glycol diacrylate26 and poly lactide-co-glycolide offer different biochemical and biophysical 

properties in favor of different tissue types. In cancer research, 3D bioprinting models have been 

used to investigate different events such as cellular interactions and drug sensitivities. Among 

different printing techniques, digital light processing (DLP)-based 3D bioprinting enables rapid 

fabrication of multicellular tissue models with good cell viability and high resolutions desired for 

mechanistic studies of multicellular models.  

In this work, we developed a novel machine learning strategy to interrogate drug 

susceptibility of myeloid-infiltrated GBM, more specifically the microglia derived TAMs 

(mgTAMs), monocyte derived TAMs (moTAMs), as well as the tumor cells in the tumor. We 

explored the potential utility of DLP 3D bioprinted GBM models to investigate the gene expression 

profile and cytokine/chemokine secretion of microglia and monocyte educated by the 3D GBM 

microenvironment. Brain tumor-relevant biomaterials and matrix properties fostered a biomimetic 

microenvironment which enabled us to identify shared and distinct transformations of the two 

myeloid cell types in response to tumor microenvironment. To identify if the transformation was 

relatively conservative in all GBM or specific to a certain subtype, two GBM cell types 
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representing the classic and the proneural subtypes are used in the study. Several important tumor-

associated pathways that were enriched in different TAMs were also the important features that 

contributed to the machine learning training. Potential compounds were identified for different 

groups, and representative drugs were validated using the 3D bioprinted patient-derived myeloid-

infiltrated GBM models.  

4.3 Results 

4.3.1 Generation of myeloid-infiltrated GBM models and gene expression from RNAseq 

We employed the DLP-based 3D bioprinting technique to develop myeloid-infiltrated 

GBM models with a dual molecular weight (MW) HA-based biomaterial to mimic the ECM 

heterogeneity of native tissues. HA serves as the primary ECM components and key regulator of 

glioblastoma processes.16 While a diverse range of molecular weight of HAs are present in the 

brain, low molecular HA has been shown to promote GSC stemness and resistance.33 GMHA 

synthesized from hyaluronic acid of 200 kDa and GelMA were used to enable the desired tissue 

stiffness. HA with a smaller MW range below 10 kDa, was incorporated to provide additional 

biochemical cues to support glioblastoma growth. We optimized the  GBM model stiffness based 

on our previous GBM matrix property study which showed that stiffer matrix enhanced GBM 

stemness and drug resistance.17  

Patient-derived classical subtype GSC CW468, proneural subtype cell line U251, human 

microglia cell line HMC3, and human monocyte cell line THP1 were used to generate different 

combination of myeloid-infiltrated models. Models were cultured 7 days in vitro to provide enough 

time for cells to transform inside the 3D microenvironments. For gene expression-related studies, 

mgTAM), moTAM, and tumor cells were isolated from the 3D models for further analysis. 

4.3.2 A machine learning drug predictor generation based on 481 drugs and 636 cell lines 
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To identify potential drugs that could target the myeloid infiltrated tumors, we developed 

a machine learning workflow (Figure 4.1) to generate drug predictors based on two databases. We 

obtained drug response tabular data from the Cancer Therapeutics Response Portal (CTRP) which 

included 481 drugs and their corresponding drug sensitivity to 860 well characterized cancer cell 

lines in the form of area under curve (AUC). Each drug is trained as independent model in our 

workflow. Cancer Cell Line Encyclopedia (CCLE) is a database that contains 1,406 

comprehensively characterized human cancer cell lines, including gene expression profiled by 

RNA-seq, and thus was utilized as our source of the cancer cell line gene expressions. 636 out of 

860 cell lines in CTRP were fully characterized in CCLE and were selected to form our training 

group.  

Figure 4.1 The machine learning workflow for drug response prediction based on gene expression. 
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To reduce batch variations in RNAseq workflow between CTRP and our experiment, 

which might impact the gene expression and prediction results, we generated features from the 

raw gene expression data based on a curated gene. Raw data from different experiment with 

different dimensions was flattened into the same dimensions for compatibility with machine 

learning training. Single-sample gene set enrichment analysis (ssGSEA) scores were generated 

using our formulated gene set lists which included canonical pathways, transcription factor binding 

sites, and oncogenic signature gene sets. The ssGSEA scores were used as the features for training, 

which reflected the degree of regulation of the genes within individual gene sets. The features for 

both training data and our sample data were further normalized and formatted to remove duplicated 

features before passing to the machine learning models. The AUC values for each pair of cell-drug 

were used as the label for this workflow. Pairs with missing labels were preprocessed to be 

excluded during the model training process. 

Figure 4.2 The validation score of 9 individual training algorithm and 1 weighted ensemble model 

for 10 drugs. 
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Four categories of machine learning algorithms were utilized in this study, including 

feature similarity K nearest neighbors (KNN), gradient-boosted decision tree (GBDT), randomized 

tree-based ensemble, and neural network. Specifically, 9 individual models and a weighed 

ensemble of all were used for training, including 2 KNN models (uniform/distance weight), 3 

GBDT models (lightGBM, default/XT/large), 2 randomized trees (Random Forest, Extra Tree), 

and 2 neural network models (fastai, Pytorch).6–10 Models within each categories were selected 

based on three criteria: accuracy, efficiency, and interpretability. For example, lightGBM 

algorithms were selected among the GBDT models because it could tackle the same data with only 

1/20 time that traditional GBDT models will need.6 We performed 5-fold cross-validation, 

specifically 5 random partitions of input data, with 3 replicates to improve predictive accuracy and 

reduce variation.  

Each algorism-predictor pair generated a validation score based on the performance on the 

validation data. Drugs achieved the best scores through different models (Figure 4.2), indicating 

training them using multiple models was better than arbitrarily choosing one type of algorism. To 

further enhance the predictive power of the model, the output of the individual models was 

concatenated and trained again using stacker models. The output after this training step was 

weighted to maximize validation accuracy. For all 481 drug predictors, the further processed 

weighted ensemble model outperformed all individual models. 

By extracting the features importance value of all the features for the drug predictors, we 

found that not all features contributed equally. We hypothesized that the most important features 

that contributed to the predictive power of a predictor might suggest pathways related to the 

mechanism of drug actions. Since TMZ is the current gold standard for GBM, we interrogated the 

feature importance of TMZ. The top important features of temozolomide included pathways were 
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related to interleukins, cytokine signaling, angiogenesis, and hypoxia. We next utilized the 3D 

bioprinted myeloid models to investigate the cellular transformation with a focus on these 

pathways. 

4.3.3 Microglia activated by 3D GBM microenvironment acquired angiogenic states 

Microglia infiltrated glioblastoma models were created by encapsulating microglia and 

GBM cells into the bioink mixture of 5% GelMA, 0.5% 200k-GMHA, and 0.25% 5k-HA. 

Following prior optimization for cell density,4 the microglia GBM tissues were generated at a 

density of 2e7 tumor cells and 1e7 microglia/ml. Two subtypes of GBM models were constructed, 

CW468 representing the classical subtype and adherent GBM cell line U251 representing the 

proneural subtype. 

To investigate how microglia responded to the 3D GBM microenvironment, RNA from 

mgTAM isolated from 3D GBM models cultured for 7 days and their 2D counterparts were 

extracted to perform RNAseq. Gene set analysis revealed that p53 pathway was highly enriched 

in the 3D cocultured microglia. Deregulated p53 pathway components were known to associate 

with GBM progression, and the accumulation of p53 could induce microglia activation with a pro-

inflammatory phenotype.18 In addition, pathways involved in GBM growth and progression, 

including hypoxia, angiogenesis, and interferon responses, were found to be upregulated in 3D 

cocultured microglia for both subtype models. Gene ontology showed that activities such as cell-

cell adhesion, cytokine activities, axonogenesis, were also upregulated in 3D cocultured microglia. 

In the classical model, 6 hypoxia-related gene sets were enriched under a stringent false discovery 

rate (FDR) with q-value less than 0.5%, and an FWER-p value less than 0.05. Top hypoxic genes 

involved in the classical subtype included FOS, CP, SPP1, and IGFBP3, which were known to be 

regulated by the hypoxia-inducible factors (HIFs). Yet the transcriptional expression level of HIF 

genes exhibited no significant difference, with the 3D expressions slightly lower. Studies have 
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shown that HIF-1a could remain unaltered at mRNA level while upregulated at protein level under 

hypoxic conditions, and prolonged hypoxia could reduce HIF-1a at mRNA level.19,20 Enrichment 

of angiogenic gene sets was also observed. Based on the leading-edge subset analysis, SPP1 gene 

also ranked high in the list, which had an expression level dramatically increased by 500 folds in 

3D. Other proangiogenic genes, including CCND2, JAG1, STC1, VEGFA, and PDGFA were also 

significantly upregulated in 3D cocultured microglia.  

Among all enriched pathways, hypoxia and angiogenesis genes were upregulated 

conservatively in both subtype models (Figure 4.3A). In the proneural model, the hypoxic gene 

CA9 showed an over 1000-fold increase. Expression of angiogenesis-related genes of the mgTAM 

were also significantly increased compared to 2D controls. For example, VEGFA, SPP1, and 

CXCL8 were increased by 89-fold, 751-fold, and 66-fold, respectively. In addition to these two 

categories that were similarly upregulated in the classical model, increased interferon activities 

were identified in 3D cocultured microglia from the proneural model. Single cell sequencing 
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Figure 4.3 A) Representative genes upregulated and down regulated in both subtype models. Red 

circle: angiogenesis genes, blue circle: hypoxia gene. B) Endothelial cell cultured in supernatants 

collected from the 3D GBM-mgTAM or GBM-moTAM models. C) IF staining of 2D HMC3 and 

mgTAM in 3D models. Scale bar = 100 μm. 
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results from clinical GBM samples have previously identified clusters of GBM-associated 

microglia with hypoxic and interferon-induced signatures.3 The leading edge subset included 

genes such as IFI44L and SPP1 that were reported to be related to glioblastoma-associated 

microglia features.21  

We generated conditioned medium using supernatants from the 3D microglia or monocyte 

GBM coculture to culture endothelial cells. Microglia-GBM conditioned medium supported 

endothelial cells to form more integral vascular networks than the monocyte-GBM conditioned 

medium, showing that the cytokines released by the 3D microglial models had higher angiogenic 

capacity (Figure 4.3B). Immunofluorescent staining of the 3D samples showed that while hypoxia 

marker CA9 was significantly elevated, the expression of the classic TAM marker CD206 did not 

differ from the 2D cultured cells (Figure 4.3C). Collectively, these results demonstrated that 

mgTAM in the 3D printed GBM models developed activated, hypoxic, and angiogenic features 

despite the molecular subtype, which could align with their prevalence in perivascular or hypoxic 

regions of clinical tumor samples.  

4.3.4 Monocyte-derived cells exhibited TAM features and immunosuppressive signatures 

Monocytes were investigated using 3D bioprinted coculture GBM models with the same 

material and printing parameters used for the microglia coculture models. RNAseq was performed 

on the moTAM isolated from the 3D coculture GBM models and their suspension-cultured control 

counterparts.  

moTAMs showed different transformation on the mRNA level compared to the mgTAMs. 

Many of the shared upregulated genes in both subtype models have been found to correlate with 

immunosuppression in GBM and other cancer (Figure 4.4A).22  In the classic subtype models, 

isolated monocytes exhibited significant enrichment of genes that were expressed by differentiated 

monocytes and TAMs and were associated with ECM remodeling, such as CXCL8, MMP9, 

https://ensembl.org/Search/Results?q=IFI44L
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CD163, CD14, and VIM. In the proneural subtype models, hypoxia gene CA9, and 

immunosuppression-related genes such as CCL9, CD206, IFI44L, CD163, and CD14 were 

upregulated.   

Hypoxia is similarly upregulated in both myeloid-GBM models, demonstrated at mRNA 

level and protein level. However, unlike the mgTAM were enriched in angiogenic pathways, 

moTAMs were more involved in the immune response related pathways including interferon 

activites and demonstrated upregulation of TAM and immunosuppressive signature genes. IF 

staining also showed the moTAM were positive for the TAM marker CD206, in contrast to the 

undetectable expression level of mgTAMs (Figure 4.4B). These findings suggested that the two 

myeloid with different origins experienced different transformations inside the 3D GBM 

microenvironments. 

CA9 
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Figure 4.4 A) Representative genes upregulated and down regulated in the classical and pronerual 

subtype models. Red circle: TAM or monocyte differentiation genes, blue circle: hypoxia gene. 

C) IF staining of suspension THP1 and moTAM in 3D models. Scale bar = 100 
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4.3.5 Microglia and monocyte-GBM models characterized by different cytokine releases 

In addition to characterizing the transcription level changes of microglia and monocytes in 

the GBM microenvironment, we also profiled cytokines and chemokines, including 5 CC motif 

and 1 CXC motif chemokine ligands and 11 interleukins, released by the 3D printed myeloid-

GBM tissues. Culture supernatants of printed samples were collected at 2 time points, 4 hours after 

the samples were printed (day 0) and day 7 after printing (Figure 4.5). We utilized a human 27-

plex cytokine screening assay based on antibody-coated beads to detect pro-inflammatory 

cytokines, anti-inflammatory cytokines, and chemokine molecules that are important in cancer-

immune responses. 

 

Figure 4.5 Illustration of the experiment schematics and the absolute concentrations of cytokine 

and chemokines measured in the supernatants. 
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In the microglia-GBM model, changes in secretion level of various chemokines were 

readily detected (Figure 4.6A). MCP-1 (CCL2) was significantly increased by 31 folds from 0.022 

ng/ml to 0.69 ng/ml. CXCL8, also IL8, concentration was significantly increased from 3.5 ng/ml 

to 24 ng/ml on day 7. VEGF levels and interferon-γ (IFN-γ) levels respectively increased from 

0.64 ng/ml to 0.86 ng/ml and from 0.021 ng/ml to 0.032ng/ml, consistent with the transcriptional 

enrichment in angiogenesis and interferon pathways. Concentrations of MIP-1b (CCL3) and 

RANTES (CCL5) in day 7 supernatants were reduced to 1/3 of its day 0 concentrations. G-CSF 

level was reduced from 2.1 ng/ml to 0.81 ng/ml. Low G-CSF (encoded by CSF3 gene) expression 

was shown to be related to higher inhibitory potential of myeloid cell and correlated with poorer 

patient prognosis.23 All other chemokines and cytokines were measured to be slightly decreased 

on day 7.  

 

A 

B 

Figure 4.6 Cytokine expression changes in the A) microglia group and B) monocyte group. 
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In the monocyte-GBM models, chemokines including CCL2, CCL3, and CXCL8 were 

significantly increased by 2-fold, 2-fold, and 13-fold, respectively in day 7 supernatants (Figure 

4.6B). CCL4, CCL5, and CCL11 levels remained constant. IP-10 (CXCL10) was reduced by 3-

fold. In terms of cytokines, IL4 and IL6 were significantly increased by 2-fold and 20-fold, while 

IL1-ra was decreased to ½, exhibiting more immune responses than the microglia models. The 

CCL2/IL6 axis was previously found to be associated with TAM-GBM crosstalk that could 

promote GBM invasiveness2. Other cytokine levels were mostly constant between day 0 and day 

7.  

Different pathways regulate the chemokines and cytokines.24 Classical activation is usually 

characterized by proinflammatory cytokines such as TNF-α, IL1, IL6, IL12, CXCL8, the NF-κB 

dependent chemokines including CCL2, 3, 4, 5 and CCL11, and the IFN-γ dependent expression 

of CXCL10 and CCL5. Alternative activation is usually associated with expression of IL1-ra, IL4, 

IL10, IL13, CCL1. While in steady state, myeloid cells are unresponsive to IL8, increasing levels 

of IL4 and IL13 could dramatically sensitize them to IL8 coupling.  

Cytokine profiling of the two types of models also supported the different characteristics 

revealed by the transcriptional analysis. While the microglia model favored angiogenesis activities, 

the monocyte model exhibited more complex inflammatory activities. 

4.3.6 Transcriptional analysis of tumor cells in the multicellular systems 

Before implementing the machine learning workflow to predict drug susceptibilities, we 

analyzed the gene expression of the GSCs in the 3D multicellular models with microglia, monocyte, 

or both cell types, with the regular sphere culture served as baseline control. Principal component 

analysis showed that while microglia and monocyte coculture transformed the tumor cells at 

transcriptional level, the GSCs experienced most significant changes when both cell types were 

present (Figure 4.7).  
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Interestingly, the number of differentially expressed genes of GSCs isolated from the 

microglia and monocyte groups was relatively little compared to the other pairs. GSCs in both co-

culture conditions favored mesenchymal transition and exhibited significantly enhanced hypoxic 

status. Specifically, various hypoxic signatures were increased, such as STC2, CSGALNACT1, 

SERPINE1, CAV1, FOS, ADM, ANGPLT4, SCNN1B, and S100A6 in the microglia model, and 

CP, SERPINE1, CAV1, HMOX1, IL6, FOS, ANGPLT4, and ADM in the monocyte models. Gene 

sets related to ECM remodeling and organization, as well as collagen biosynthesis, trimerization, 

formation, degradation, and enzyme modifications, were also upregulated in both conditions. In 

addition, GSCs exposed to microglia 3D coculture showed elevation of pathways associated with 

cancer invasiveness, cytokine activities, and integrin binding. Enriched binding activities of 

growth factors and ECM components including proteoglycan, fibronectin, and glycosaminoglycan 

Figure 4.7 Transcriptional changes of GSCs in microglia coculture (HC), monocyte coculture 

(TC), and triculture (TRI) conditions. 
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were identified. In the monocyte coculture models, GSCs are enriched in pathways involved with 

interferon signaling and responses, TNF-α signaling via NF-κB, IL6-STAT3 signaling, and 

inflammatory responses. In terms of ECM remodeling, genes that contribute to the tensile strength 

and ECM integrity were significantly elevated.  

4.3.7 Machine learning drug sensitivity prediction and drug response validation 

Gene expression data of 16 samples including GSCs, mgTAMs, and moTAMs isolated 

from 3D GBM models and 6 traditional cultured control samples were translated into ssGSEA 

scores and passed into the generated 481 drug predictors. The predictors generated an AUC value 

for each sample-drug pair, with low AUC corresponding to drug sensitivity and high AUC 

corresponding to drug resistance.  

We observed that for the tumor cells, the top drug, one with the lowest AUC for the sample, 

had a much smaller value for traditional culture (AUC = 1.97) compared to all 3D groups. Among 

the 3D groups, microglia group (AUC = 5.71) and monocyte group (AUC = 5.89) had comparable 

values, and the triculture group with both myeloid cells demonstrated least drug sensitivity (AUC 

= 6.88). The prediction indicated that in general traditional cultured tumor cells had much lower 

drug resistance compared to 3D cultured cells, and the triculture model lead to highest drug 

resistance of tumor cells. Top candidates predicted by our predictors included drugs that are 

currently being evaluated in clinical trial, such as trametinib, suggesting promising clinical 

relevance of the prediction results. 
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We first evaluated the prediction accuracy of the predictors using traditional cultured 

GSCs. Several representative drugs with predicted AUC across the span, including dasatinib, 

lovastatin, TGX-221, and JW-55, and the gold standard drug currently used in clinical settings, 

TMZ, were selected. (Figure 4.8A). The measured IC50 values and predicted AUC showed a 

linear relationship, suggesting a relatively strong predictive power of the machine learning trained 

predictors. 

3D GBM models with different myeloid compositions, microglia group, monocyte group, 

and both-myeloid group were first generated and cultured for 3 days on shaker to allow for cell 

state transformation to occur. All samples were dosed with different drugs at 10 μM/ml and 100 

A 

B 
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D 

Figure 4.8 A) Drug prediction AUC and measured IC50 value of sphere cultured GSCs. B) Cell 

viability vs. AUC in 3D microglia-GBM models. C) Cell viability vs. AUC in 3D monocyte-GBM 

models. D) Cell viability vs. AUC in 3D triculture GBM models. 
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μM/ml. Samples were collected at 72 hours of dosing to test for overall cell viability using ATP-

based Celltiter-Glo assay and tumor cell viability using luciferase assay.  

Dasatinib demonstrated best tumor eliminating effects, eliminating about 2/3 of the cells 

at 10 μM/ml and achieving complete elimination at 100 μM/ml. The viability of cells post 

treatment aligned relatively well with our predicted AUCs (Figure 4.8B-D). While Dasatinib failed 

to meet the criteria to continue in a phase II clinical trial, it demonstrated effective tumor killing 

effects in several other studies.11–13 Failure to pass the blood-brain barrier (BBB) in vivo may be a 

critical reason of failure in clinical trials, since Dasatinib is a substrate to the efflux transporter and 

has been shown to have less BBB penetration or brain-plasma concentrations compared to another 

tyrosine kinase inhibitor.14 Bioprinted models might better resemble the mesenchymal subtype or 

type II glioma subtype than the other subtypes which were less sensitive to Dasatinib treatment.13,15 

The viability of cells after dosing by different drugs in general followed a similar trend to 

the predicted AUCs for corresponding pairs, validating the prediction accuracy of our machine 

learning generated predictors. Cells also demonstrated sensitivity to Lovastatin, but to a lesser 

extent compared to Dasatinib. Erlotinib and TGX-211 demonstrated mediocre responses. Cells in 

all our model systems exhibited strong resistance to Temozolomide and JW-55. JW-55 was 

predicted to be among the top sensitive drugs in our previously established correlation methods, 

the machine learning method developed in this work was able to predict it with relatively high 

AUCs (range from 14.5 to 14.9 for 3D model). The rank of this drug was among the bottom 1/3 

as the relatively insensitive drugs. These findings suggest that machine learning workflow 

developed in this work could be a more realistic tool for drug sensitivity prediction in GBM. 
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4.4 Conclusions 

In conclusion, we have developed an unbiased machine learning workflow that generated 

relatively reliable drug sensitivity prediction for both the traditional cultured cells as well as the 

3D bioprinted myeloid-infiltrated GBM models. The machine learning model revealed important 

pathways related to the drug action which were found to be enriched in mgTAM or moTAM, 

including the angiogenesis pathways, immune responses, and hypoxia. The predictors were able 

to suggest a few potential compounds that could be effective in myeloid-infiltrated GBM. 

Microglia and monocytes both exhibited activated or polarized phenotypes after cultured 

in the 3D GBM microenvironment. Hypoxia state was significantly increased in both myeloid 

models. In addition, we demonstrated that mgTAM and moTAM experience different 

transformation in the tumor microenvironment in both classical subtype models and proneural 

subtype models, suggesting the findings were conservative in these two models. Clinical outcomes 

may benefit from targeting the two types of myeloid cells independently during treatment.  
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CHAPTER 5 Conclusions and Future Perspectives 

5.1 Conclusions 

 Complex microenvironments of GBM in the aspect of extracellular matrix and cellular 

component have been developed using DLP-based 3D bioprinting techniques. Drug response 

prediction and screening methods was also developed to facilitate the drug development process. 

 In Chapter 2, ECM microenvironment of GBM was modeled using HA-based biomaterial 

to resemble the brain and GBM with tissue-matching properties. Intra-sample matrix property 

heterogeneity was established, and subtype-specific tumor phenotypes and gene expressions 

induced by local matrix stiffness was demonstrated. 

 In Chapter 3, multicellular glioblastoma models with the inclusion of tumor cells, immune 

cells, and brain stromal cells with spatial patterning was established. The 3D multicellular GBM 

resembled the patient transcriptome better than traditional cultured GSCs. Spontaneous cellular 

transformations including the tumor cells and immune cells were observed within 3D samples. 

Novel cellular dependencies were identified with the integration of CRISPR-Cas9 gene editing 

technology. 

In Chapter 4, an unbiased machine learning-based drug sensitivity prediction tool to predict 

drug susceptibility in GBM was developed. We showed both myeloid cell types, microglia and 

monocyte, can be activated and transformed to TAM through cellular interactions in 3D GBM 

models. Different pathways enriched in microglia/monocyte-derived TAMs were identified. 

 The progresses on modeling GBM with 3D bioprinting and proof of concept interrogations 

with different techniques discussed in this thesis laid a foundation for more in-depth investigation 

for the fatal disease.  
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5.2 Future Perspectives 

While progresses have been demonstrated by the 3D bioprinted GBM models, such as 

better resemblance to patient samples compared to traditional models, the attempts are still 

insufficient to fully recapitulate the complexity of GBM. Delivery of therapeutic agents to GBM 

tumor sites is especially challenging compared to other solid tumors due to the restricted drug and 

cellular transport across the unique vascular barrier of the brain, the BBB. The BBB serves as a 

barrier between the circulating blood and the brain parenchyma to prevent entry of blood-borne 

pathogens or toxic substances into CNS and to maintain CNS homeostasis.1 The BBB excludes 

over 98% of small molecule drugs and tightly regulates lymphocyte extravasation, limiting 

accumulation of chemotherapies and effector T-cells in the GBM tissue.2 Regulation of the BBB 

or circumvention of the barriers facilitates some brain tumor therapies, suggesting that the presence 

of a functional BBB may be essential to accurately evaluate GBM treatments.3–5 Growing interest 

in repurposing FDA-approved cancer drugs with enhanced BBB penetration for GBM treatments 

also demonstrates the potential role of BBB in GBM therapeutic efficacy.5  

Treatment failure in GBM result from numerous factors, including high genetic 

heterogeneity of GBM microenvironment, fast progression and inherent drug resistance of GBM, 

and insufficient delivery of therapeutic agents to the GBM sites due to the barrier properties of the 

BBB. The currently stagnant drug development process for GBM could be improved by reducing 

the attrition rate of novel compounds during clinical trials and developing drugs or treatment plans 

specific to different GBM subtypes. The latter requires more profound understanding of the 

molecular mechanisms of the GBM subtypes. High attrition rate of drugs indicate that the current 

preclinical models are insufficient to provide clinically relevant evaluations. For in vivo GBM 

models, lack of species-matched cellular interactions reduces their validity in predicting 

therapeutic outcomes in clinical trials. For in vitro 3D GBM models, functional BBBs have not 
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been reproducibly incorporated yet, and thus limiting their capacity to evaluate the penetration 

efficiency of compounds, which also impacts therapeutic outcomes. Advances in 3D bioprinting 

technologies and engineered biomaterials offer clinically relevant modeling capacity to develop 

integrative, biomimetic, and human-based model systems. These model systems potentially 

recapitulate species-matched and tissue-specific features, such as dimensionality, organization, 

cell-cell interactions, and cell-matrix interactions of their physiologic counterparts. 3D-bioprinted 

GBM models customized to recapitulate cellular and ECM microenvironments of patient tumors 

will help elucidate pathways involved in the GBM subtypes. Integrated GBM-BBB systems can 

potentially eliminate compounds that will fail the clinical trials but demonstrate success in static 

2D cultures, stand-alone in vitro models, or animal models. Models incorporating the BBB and 

other stromal components of GBM into ECM-derived biomaterials will enable simultaneous 

evaluation of therapeutic efficacy of drugs to tumor cells, the efficiency of drug penetration across 

the BBB, as well as the drug toxicity to stromal cells within the tumor microenvironment. 

Moreover, an integrative model could recreate the non-homogeneous barrier properties of the BBB 

within and around the tumor tissue to mimic the native physiologic features, including 

compromised vessels near the necrotic tumor core and intact BBB near the invasive boundaries. 

The integrity of the BBB along the proliferative boundaries protects the highly invasive and stem-

like GSCs from effective drug delivery. Characterization not applicable to current in vitro models 

but can potentially be considered with integrated models include: the tissue-to-blood ratio (TBR) 

that shows the delivery of a compound that reaches the tumor compared to the amount in blood, 

the brain efflux index (BEI) that shows how likely the drugs will be pumped back into the blood, 

and the penetration of compounds into different regions of the tumor after passing through the 

BBB.6 Assessments based on an integrated GBM-BBB system will also empower optimization 
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strategies to bypass the BBB and enhance delivery and efficacy of novel compounds. In 

conclusion, 3D-bioprinted models have great potentials to facilitate mechanistic studies and 

clinical applications to eventually accelerate GBM therapeutic advances.  

However, further advancements in bioink development and printing technologies are 

necessary to enable broader applications of bioprinting, despite its various advantages including 

versatility, precise control, biocompatibility, reproducibility, and high throughputness. Many 3D-

bioprinted GBM models have been developed with alginate, gelatin, and GelMA hydrogels due to 

their good printibility, despite HA being the most abundant ECM component in the GBM 

microenvironment. It remains challenging for extrusion-based or inkjet-based bioprinting to print 

HA constructs with high resolution or structural integrity due to poor mechanical properties of 

HA. Encouragingly, DLP-based bioprinting has recently demonstrated success in fabricating an 

HA-rich multicellular GBM model, and many studies have showed that chemical modifications 

can improve the rheological properties of HA-based bioinks for printing. Development of novel 

bioinks or modification methods to existing biomaterials to improve their printability, including 

but not limited to the viscosity and the crosslinking mechanism, to accommodate bioprinting 

modalities will expand the material diversity for bioprinting and eventually enhance the material 

biomimicry of 3D models. For BBB modeling, 3D bioprinting improves the customizability and 

throughput of traditional microfluidic systems, and 3D-bioprinted BBB exhibits improved barrier 

properties. To date, the technology has mainly been used to facilitate device fabrication with cells 

seeded afterwards. While micron-scale structures, perfusable structures, and cell alignments have 

been achieved separately using bioprinting, the consolidation of these features are necessary for a 

successful cell-encapsulation printing of the BBB. In addition, proper molecular interventions with 

growth factors or small-molecule inhibitors that are often utilized in organoid development may 
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also be introduced to post-printing cellular constructs to facilitate desired cellular activites, such 

as BBB tight junction formation. 

Lastly, we believe that a benchmark, including the standardized data analysis and the 

evaluation of model properties, should be established for 3D-bioprinted models to ensure their 

clinical relevance and provide guidance for future model designs. 3D models are perceived as 

promising alternatives to traditional 2D models and animal models, with advantages including 

well-defined structures and compositions, shorter time frame of production, and species-matched 

modeling which provides more reliable pre-clinical data. Theoretically, to include as many 

components as possible and assemble them in a way comparable to the native physiology can 

generate a structurally similar construct to the original tissue. However, whether the structural 

resemblance gives rise to functional resemblance requires more strict functional evaluations. Both 

qualitative and quantitative standards, such as percentage of matching and correlation to the 

clinical data, should be established for functional parameters used to evaluate the validity and the 

extent of clinical relevance of individual model. Examples of functional parameters are genomic 

and transcriptional profiles, drug responses, and specific features of each individual tissue, such as 

barrier properties of the BBB and invasiveness or tumorigenesis capcity of GBM. With the 

collective data, it may be possible and beneficial for the research community to determine the 

minimal components and aspects that can reliably approximate the physiological environments, 

thus reducing the cost and time for building a highly complex in vitro model. 
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