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CHAPTER 1

The Genetic Origins of Tumor Heterogeneity

1.1 Introduction

Cancer is a disease in which millions of patients are diagnosed yearly in the United States
alone [1]. Near 40% of all people will be diagnosed with a form of cancer in their lifetime [1]. On
top of this, cancer is also typically very difficult to treat. The heterogeneous nature of tumors is
often what makes cancer treatment so challenging. In an age where we are able to produce
treatment options for many diseases, sometimes in a one-size-fits-all manner, the treatment of
cancer continues to be elusive. With a less complicated disease, cell types can be targeted and
eliminated, but with cancer, there are many different cell types and targeting these cells with
treatments can pose a large challenge [2]. Because of the heterogeneity of cancer between different
patients, different patients must be treated in different ways. Different forms of cancer treatment
include localized therapies and systemic therapies [3]. Localized therapies can be forms of surgery,
radiation therapy, chemical and heat ablation, and cryotherapy [3]. Systemic therapies can include
chemotherapy, hormonal therapy, immunotherapy, and targeted therapy [3]. These treatment
options can be used in tandem or alone, all depending on the nature of the cancer in the individual
and the recommendation by the patient’s oncologist. The difference in cancers root from the fact
that cancer can be caused in many different manners, from many different pathways. This not only
results in differences between patients, but also differences within the same tumor of one patient.
The intratumor heterogeneity in a patient is a reason why so many different treatment options may
be required for a single individual.

Tumor heterogeneity is apparent in all aspects of the tumor microenvironment [2]. Due to
mutations and unnatural signaling in tumors, there are typically regions of different cell types and
varying microenvironment structure. The heterogeneity of the tumor microenvironment, which
can include changes in gene expression, tissue stiffness, and vasculature, are associated with
metastasis, decreased patient survival, and affected ability to deliver drugs to the tumor [4]. Much
of the heterogeneity in cancer is a result of genetic differences in cells across the area of a tumor.

Genetic mutations are common in cancer [5]. Mutations of the actual genetic code and mutations



of the epigenomics of cells lead to altered gene expression [2, 5]. When there is altered gene
expression, there can be a reduced or increased amount of signaling proteins, receptors, and other
important proteins. This can lead to certain cell types behaving in a way that is much different than
how they normally would in their native tissue [6]. Genetic mutations can affect the natural ability
of cells to protect against rapid replications or can suppress the ability of the immune system to
fight the growing tumor [6]. Because of this issue, different methods have been created to better
understand the genetic differences across tissue.

Spatial transcriptomics is an exciting new way to look at genetic heterogeneity. Spatial
transcriptomics datasets contain gene expression data at many points over the area of a tissue
section [7]. To obtain spatial transcriptomics data, different spots across a tissue section are RNA
sequenced [7]. Each sequenced spot contains multiple cells in the same spatial location, with the
number of cells per spot varying depending on the method used. The spots are typically barcoded
with an amino acid sequence which allows later identification to associate the sequenced data with
spatial locations [8]. After RNA sequencing is completed, analysis is performed to obtain the gene
expression for each spot. Spatial transcriptomics data consists of the gene expression data of
various spots across the tissue section, and the coordinate locations of these spots. Spatial
transcriptomics is being used to help find the genetic causes of tissue heterogeneity [9]. Tissue
heterogeneity is a hallmark of cancer; however, forms of heterogeneity can be also seen in normal
tissue as well. Many types of tissue, such as brain tissue, contain some heterogeneity, showing
different cell types and cell functions across an area [10]. Because the heterogeneity in brain tissue
follows expected patterns, looking at these tissues with spatial transcriptomics can help us test
methods that can be used to understand the heterogeneous behavior of tumors [9].

There has been a recent surge of published tools that use spatial transcriptomics to find
genetic similarities between spots and assign spots into clusters [11-15]. There are multiple
assumptions, based on biology, that many of these tools use to help their ability to accurately assign
spots to clusters. Some of the more important assumptions are that cells of similar type are likely
to have similar gene expression and are likely to be spatially close together [16]. Using these
assumptions along with machine learning techniques, it becomes possible to break a section of
tissue into multiple regions, or clusters. After spots are assigned to clusters, analysis tools like
differential gene expression analysis and gene ontology (GO) analysis can be used to understand

the genetic and biological differences among clusters [17]. For cancer, having the ability to identify



the different groups of cells in a tumor and their characteristics could allow better diagnosis
without the need for a histologist, or could be used to help verify the results found by a histologist
[18]. Understanding the differences between these different regions could help form better
treatment options for patients affected by this disease.

When dealing with large datasets, like ones containing spatial transcriptomics data, there
are certain steps that need to be taken to remove less important aspects of the data. Spatial
transcriptomics datasets often contain the expression values for 20,000 genes, for each spot. For
many datasets, there are thousands of spots. Performing clustering on a dataset with 200,000 or
more values can lead to inaccurate results. Dimension reduction is an important step to increase
accuracy [19]. A useful form of dimension reduction is removing genes that are not likely to be
different among different cell types. A common approach for this is finding genes that are highly
variable across the tumor section and using only these genes to run clustering analysis [19].
However, there are multiple issues with this mostly stemming from the logistical problems that
arise when performing RNA sequencing. It is not completely uncommon for a cell which RNA
sequencing is performed upon to have inaccurate gene expression measured [20]. At a given time
cells can have fluctuations in their mRNA, caused by cells being in different parts of the cell cycle
[21]. This can lead to highly variable genes representing genes that are likely to have variable
measurements of RNA, instead of genes that are different among distinct cell types in the tissue.
Even with the known inaccuracies, gene expression data is still useful. However, it is less useful
when performing dimension reduction based on its spot variability. There is a need for methods
that can better identify genes that are varying in different cell types.

Another issue with clustering tools in spatial transcriptomics is the difficulty to confirm
the accuracy of clusters. There are many spatial transcriptomics datasets that are publicly available
for download; however, many of these datasets do not have a gold standard. When dealing with
the clustering of datasets, a gold standard is the clustering assignment which is accepted to be
reliable and accurate [22]. When a tool assigns spots to clusters, the gold standard would be used
to test the accuracy of the tool. Many gold standards are created by experts who manually look at
expression data and stained images of tissue sections to determine which spots should be grouped
together. Because this is such an essential step in validating the ability of a machine learning tool,
finding new ways to create gold standards would allow many more datasets to be used for testing

purposes.



In this study, we look at different tools that can be used to better understand the
heterogeneity of tissue, with a focus on cancer. We look at using the Gini coefficient of genes to
improve upon the current standard of dimension reduction to allow tools to assign spots to clusters
more accurately. We look at different published spatial transcriptomics clustering tools and
compare them against each other to understand which tool can produce the most accurate results.
We look at using biomarkers to identify the accuracy of cluster assignments when there is no gold
standard. Finally, we look at using differential gene expression analysis and GO analysis to better

understand the genetic and biological differences between clusters.
1.2 Results

1.2.1 Identifying Spatially Varying Genes using the Gini Coefficient

A new approach for addressing the problem of dimension reduction has been recently
discovered [23]. This approach is finding the Gini coefficient of genes and using genes with a large
Gini coefficient for clustering. The Gini coefficient is used to find inequality in a dataset and is
often used to measure income distribution [24]. However, the Gini coefficient can also be used to
find highly spatially varying genes across a tissue section, meaning genes that are likely to be
expressed in one specific region of the tissue. Finding spatially varying genes can be very powerful
as there is an assumption with most clustering tools that cells of similar type are likely close
together [16].

Prior to finding the Gini coefficient of genes in spatial transcriptomics data, multiple steps
must first be performed. The spots must be put into groups, with spots that are spatially close
grouped together. Also, an average of the gene expression of these grouped spots must be found.
This is done to find the average gene expression of a spatial location of the tissue section. After
this, the Gini coefficient can be found using a line of perfect equality and the Lorenz curve [25].
The line of perfect equality represents the distribution of the gene if it is evenly distributed among
the tissue. The Lorenz curve represents the actual cumulative distribution of the gene among the
tissue. To find the Gini coefficient of each gene, the area between the line of perfect equality and
the Lorenz curve is found and is divided by the area under the line of perfect equality. Using this
approach, spatially varying genes can be found and used to help better identify clusters of different

cell types in tissue sections.
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Figure 1. The steps of finding the Gini coefficient of genes and the expression pattern
of genes with a high Gini coefficient. (A) Creating a rectangular outline around the
spatial locations of the spots. (B) Dividing the rectangular outline into subsections. (C)
Assigning the spots to the subsections. (D) The gold standard, or ideal cluster
assignment of the data, containing healthy tissue in red, invasive tissue in yellow,
surrounding tumor tissue in green, and cancerous tissue in blue. (E-H) The expression
pattern for CRISP1, AC092793.1, NLRPS5, and AC093292.1.

I created an algorithm in Python to find the Gini coefficient of genes using spatial
transcriptomics data. To perform this method, the algorithm begins by finding a rectangular outline
around all the spatial coordinates of the spots (Figure 1A). Rectangular subsections within the
outline are then formed (Figure 1B). The size of the subsections is determined based on the total
number of spots in the dataset. If there are more spots, there will be more subsections with a smaller
area. All the spots in one individual subsection will be assigned to the same group (Figure 1C).
The average gene expression for all spots in each group is then found. Using this data and the
previously mentioned equation, the Gini coefficient of each gene is found. Genes with Gini
coefficients over a certain limit (usually 0.5) can then be kept and used to run clustering analysis.

This method is able to drastically reduce the number of genes analyzed by clustering tools. For



example, in a dataset obtained from mouse brain tissue, 500 spatially varying genes were found
out of 15,000 total genes [23].

The validity of this method was proved using a spatial transcriptomics dataset from a tissue
section of a breast cancer tumor. Figure 1D shows the gold standard of the data, containing marked
healthy and cancerous tissue. This was found by a histologist analyzing the gene expression and
staining of the tissue. The expression pattern of certain genes with high Gini coefficients is also
shown. It can be seen that genes with high Gini coefficients do correlate with the gold standard.
CRISP1 and AC09273.1 (Figure 1E/1F) both correlate with the invasive region of the tissue.
NLRPS and AC093292.1 (Figure 1G/1H) both correlate with the cancerous region of the tissue.
This shows how using genes with a high Gini coefficient can be used to help assign spots into
clusters. Through using this form of dimension reduction to improve clustering tools, there is a

hope that certain portions of a tumor section can be denoted without the need of a histologist.

1.2.2 Benchmarking Spatial Transcriptomics Clustering Tools

Various published spatial transcriptomics clustering tools were also analyzed to better
understand their ability to detect heterogeneity in tissue. The clustering tools BayesSpace, SEDR,
SpaGCN, and STAGATE were all recently proposed [12-15]. To test these clustering tools,
datasets obtained from mouse brain tissue sections were used. Brain tissue contains heterogeneity
that follows expected patterns, so using these datasets is a good way to benchmark the clustering
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Figure 2. Cluster assignments from different tools for the visual cortex dataset. (A)
The actual layer structure of the visual cortex. (B-E) The cluster assignments made
from STAGATE, SpaGCN, SEDR, and BayesSpace.
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Figure 3. Cluster assignments from different tools for the hypothalamic nucleus dataset.
(A) The regions of the hypothalamic nucleus. AvPe, anteroventral periventricular
nucleus; BNST, bed nucleus of the stria terminalis; MPA, medial preoptic area; MnPO,
median preoptic nucleus; PaAP, paraventricular hypothalamic nucleus; Pe,
periventricular hypothalamic nucleus; PS, parastrial nucleus; VMPO, ventromedial
preoptic nucleus; VLPO, ventrolateral preoptic nucleus; ACA, anterior commissure;
3V, third ventricle. (B-E) The cluster assignments made from STAGATE, SpaGCN,
SEDR, and BayesSpace.

tools opposed to using tumor section datasets which are known to have unpredictable
heterogeneous gene expression.

The first dataset tested contained spatial transcriptomics data of the visual cortex region of
the mouse brain. This dataset does contain a gold standard, which is an annotated layer structure
of the visual cortex (Figure 2A). Using this gold standard, the Adjusted Rand Index (ARI) of the
cluster assignments from the various tools were calculated to test the accuracy of the tools. We
found that BayesSpace’s cluster assignments had a resulting ARI of 0.26 (Figure 2E), SEDR’s
cluster assignments had an ARI of 0.24 (Figure 2D), SpaGCN’s cluster assignments had the
highest ARI out of the tools tested at 0.41 (Figure 2C), and STAGATE’s cluster assignments had
the lowest ARI out of the tools we tested at 0.17 (Figure 2B). With this dataset, SpaGCN is the
most successful at correctly denoting which spots should be assigned to which clusters, with
BayesSpace and SEDR close behind.

The second dataset tested contained spatial transcriptomics data of the mouse major

hypothalamic nucleus region of the brain. There is no gold standard for this dataset, so the ARI of



each tool cannot be calculated. However, there is a figure that shows which spatial regions
correlate with known sections (Figure 3A). This figure can be treated as a gold standard and used
to help verify the cluster assignments. Using this dataset, we found that BayesSpace (Figure 3E)
and SEDR (Figure 3D) had cluster assignments that were the least accurate at identifying the
known sections of the hypothalamic nucleus. SpaGCN was the second best at correctly identifying
the known sections (Figure 3C). STAGATE was the best at identifying these known sections
(Figure 3B). These are surprising results, as STAGATE was the worst tool when using the last
dataset and the best tool for this dataset.

The final dataset contained spatial transcriptomics data of the anterior and posterior regions
of the sagittal plane of the mouse brain. Once again, there is no gold standard for this dataset.
However, there is an image of the H&E stain of the tissue section. The H&E stain can be treated
as a gold standard and can help identify if the different clusters correlate with different cell types
(Figure 4A). It was found that SEDR (Figure 4D) was the worst at identifying cell types in the
dataset. This tool created cluster assignments that covered large portions of the tissue. SEDR was

not able to distinguish some of the smaller and more difficult to identify domains, and its cluster

STAGATE

Figure 4. Cluster assignments from different tools for the sagittal plane dataset. (A) The
H&E stain of the sagittal plane. (B-E) The cluster assignments made from STAGATE,
SpaGCN, SEDR, and BayesSpace.



assignments did not correlate well with the sections of different cell types seen in the H&E stain.
STAGATE (Figure 4B), BayesSpace (Figure 4E), and SpaGCN (Figure 4C) were all fairly equal
in their cluster assignments. The accuracy of the cluster assignments can be seen when looking at
the cerebellum region of the mouse brain, which is the darker, wavy region in the upper right of
the H&E stain. Due to the size and shape of this region, it can be difficult to distinguish for
clustering tools. STAGATE, BayesSpace, and SpaGCN were all able to correctly identify this
region. These three tools were also able to correctly identify the olfactory region, which is the
darker region seen in the far left of the H&E stain. Although comparing the H&E stain to cluster
assignments does not allow us to find quantitative results, we are still able to qualitatively
understand how well these tools can assign clusters.

Overall, when using these three datasets, SpaGCN had the best performance. While the
other three tools each had poor performance when using one of the datasets, SpaGCN was able to
constantly create cluster assignments that correlated with different cell types in the tissue sections.
While a cancer dataset was not used in this benchmarking, it can be assumed that SpaGCN would

also be the best tool at deciphering different regions in a tumor section.

1.2.3 Confirming Cluster Assignments Using Biomarkers

It was discovered that when using the dataset of the sagittal plane of the mouse brain,
biomarkers for different regions of the mouse brain could be used to verify cluster assignments
[23]. This could be a useful tool for confirming cluster assignments for benchmarking purposes in
the future when there is not an ideal cluster assignment created for the dataset. Using the Protein
Atlas, different marker genes for regions in the mouse brain were identified [26]. In Figure 5, the
expression pattern for some of these marker genes are shown. The gene Gng4 is a marker of the
olfactory bulb in the mouse brain (Figure 5B). The gene S100a5 is a marker for a different region
of the olfactory bulb in the mouse brain (Figure 5C). The olfactory bulb is in the far-left location
of this dataset. Both marker genes can be used to further confirm the cluster assignments created
by SpaGCN (Figure 5A). The Gng4 expression pattern is in the same region as the greenish-brown
cluster created by SpaGCN on the left side of the figure. The S100a5 expression pattern is in the

same region as the blue cluster created by SpaGCN on the bottom left side of the figure. In the
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Figure S. Biomarkers and a differential gene in for the
anterior portion of the sagittal plane dataset. (A) The
SpaGCN cluster assignment. (B-C) The expression pattern
for biomarkers Gng4 and S100a5. (D) The expression
pattern for differential gene Baiap3.
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future, marker genes could be used to create a gold standard so that the quantitative accuracy of
clustering tools can be found. That this is a useful method for creating a gold standard in a dataset
like this, where there are known sections that have known marker genes. However, this method
would be less useful when used on a cancer dataset, due to the lack of clear regions in a tumor

section and the lack of known marker genes.

1.2.4 Finding the Gene Expression and Biological Differences Between Clusters

Once we were confident with the established clusters, differential gene expression analysis
and gene ontology (GO) analysis were performed to better understand the genetic and biological
differences among tissue.

Differential gene expression analysis is used to find the genes that are most different
between different clusters. This can be used to find biomarkers and to run GO analysis. Most tools
that run differential gene expression analysis are based in R. None of them could be integrated

with other popular bioinformatic software in Python, so I reimplemented a new differential gene

10



expression analysis algorithm in Python. This algorithm uses a Mann-Whitney U-Test to find the
genes that are most differentially expressed among clusters. Once again, this tool needs to be used
after clusters are already established. The ability of this tool to create insightful biological results
was shown using the dataset from the sagittal plane of a mouse brain. For this application, only
the anterior portion of the data was used. For the bottom right green cluster that was found using
SpaGCN (Figure 5A), the ‘Baiap3’ gene was found to be most differentially expressed. From
looking at the expression pattern for ‘Baiap3’, the gene is in fact heavily expressed in the bottom
right green cluster (Figure 5D). This cluster appears to correlate with the hypothalamus region of
the mouse brain. Via Protein Atlas, it was found that ‘Baiap3’ is a marker for the hypothalamus
region of the mouse brain. This confirms the ability of this method to find differential genes among
clusters, as well as the ability of the method to discover biomarkers for regions of tissue after
clustering is performed. If cluster assignments are trusted, this can be a powerful method at
discovering biomarkers.

The second reason that the differential gene expression analysis algorithm was created was

to perform GO analysis. GO analysis is a form of analysis that finds the biological functions

Table 1. The number of cell cycles correctly identified out of four, the percent of GO terms
correlated with the correct cell cycle phase, and the percent of GO terms correlated with the
incorrect cell cycle phase for each combination of clustering tools and GO analysis tools.

% of Terms el Bl
. . Cell Cycle Phases . Correlated with

Clustering Tool GO Analysis Tool i Correlated with .

Identified Different Cell Cycle

Cell Cycle Phase
Phase

CCST GO Term Finder 4 70% 3%
CCST GO Resource 4 65% 5%
SpaGCN GO Term Finder 4 53% 6%
CCST g:Profiler 4 53% 5%
BayesSpace GO Resource 4 40% 3%
SpaGCN GO Resource 4 40% 8%
STAGATE GO Term Finder 3 54% 11%
SEDR GO Term Finder 3 53% 13%
STAGATE GO Resource 3 53% 8%
SEDR GO Resource 3 48% 13%
SEDR g:Profiler 3 45% 10%
BayesSpace GO Term Finder 3 44% 0%
SpaGCN g:Profiler 3 35% 5%
STAGATE g:Profiler 3 35% 10%
BayesSpace g:Profiler 3 30% 3%
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Figure 6. The top ten most significant GO terms found from the top 200 differential
genes in the human osteosarcoma cells dataset. The four clusters were found using
CCST. Each cluster had its differential genes found and its GO terms found. The GO
Term Finder tool was used to find the GO terms.

associated with the differentially expressed genes. This is used to understand the biological
differences between clusters. This tool can be extremely beneficial when looking at a dataset from
a tumor section because the biological differences amongst tumor tissue need to be understood to
understand how processes like metastasis may be increased in certain regions of the tissue.

There are many different GO analysis tools; however, it was found that some of the best
performing and simplest to run are web-based. These tools include GO Term Finder, GO Resource,
and g:Profiler [27-29]. We ran all three tools to understand their consistency. GO analysis was
performed by breaking a dataset into clusters, finding the differentially expressed genes in each
cluster, and running GO analysis with these differentially expressed genes. It has been shown that
in datasets containing one cell type, clustering tools can be used to assign cells into clusters based
on their phase in the cell cycle [11]. GO analysis can then be performed on the differential genes
of each cluster, resulting in GO terms associated with the different phases. The resulting GO terms
can be used to identify the phase of the clusters [11]. This approach was used to test the consistency
of the GO analysis tools. A dataset containing only human osteosarcoma cells was found and the
dataset was broken up into four clusters using various clustering tools. Different clustering tools

were used to test the ability of the GO analysis tools when receiving slightly different inputs [11].
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From previous studies, we know that the clustering tool CCST can accurately assign cells in
different phases of the cell cycle into separate clusters, so we tested this tool along with other
clustering tools [11]. Four clusters were found to represent the four phases of the cell cycle: gap 1
(G1), synthesis (S), gap 2 (G2) and mitosis (M). The differential genes of the four clusters were
then found and run through the three mentioned GO analysis tools. In Table 1, we can see the
results of the GO analysis when using different clustering tools and different GO analysis tools.
The results were sorted by how many clusters, out of 4 total clusters, were able to have their phase
of the cell cycle identified and then by the percent of resulting GO terms that were associated with
the correct phase of the cell cycle. The combination of clustering tool and GO analysis tool that
was best able to determine the cell cycle phase was CCST and GO Term Finder (Table 1). The
most significant GO terms found with GO Term Finder from the four clusters found with CCST
are shown in Figure 6. Terms outlined with blue are associated with the M phase, orange with the
S phase, green with the G2 phase, and G1 with the red phase. This combination was able to
successfully cluster cells into the four separate phases and identify the phases of clusters. We found
that the different GO tools are consistent; however, GO Term Finder and GO Resource are able to

provide slightly more accurate results. We discovered from these results that the clustering tool

A Gold Standard B ABHD2
=
& .
.

T
C S100G Figure 7. Differential genes in the
» - breast cancer dataset. (A) The gold

w . standard, or ideal cluster assignment

of the data, containing healthy tissue
& 3 in red, invasive tissue in yellow,

. surrounding tumor tissue in green,
and cancerous tissue in blue. (B-C)
The expression pattern for
differential genes ABHD2 and
S100G.

13



GO Terms

antigen processing and presentation of endogenous peptide antigen

antigen processing and presentation of endogenous antigen

antigen processing and presentation of endogenous peptide antigen via MHC class |

antigen processing and presentation of peptide antigen via MHC class |

antigen processing and presentation of peptide antigen

antigen processing and presentation

positive regulation of T cell mediated cytotoxicity

antigen processing and presentation of endogenous peptide antigen via MHC class | via ER pathway, TAP-independent
antigen processing and presentation of endogenous peptide antigen via MHC class | via ER pathway

regulation of T cell mediated cytotoxicity

0 5 10
-log10(p_value)

Figure 8. The top ten most significant GO terms found from the top 200 differential
genes in the tumor containing cluster of the breast cancer dataset. The GO Term Finder
tool was used to find these GO terms.

plays a much larger role in the resulting GO terms than the GO analysis tool. Clusters created by
CCST always had all four phases identified while clusters created by SEDR always only had three
of the phases identified. These results show the importance of having clusters that you can trust
prior to performing GO analysis.

We explored differential gene expression analysis and GO analysis further to show their
usefulness on a cancer dataset. Differential gene expression analysis was performed on the breast
cancer dataset previously used, to discover potential biomarkers. The region of the breast cancer
section assigned to be tumor containing was compared to the other regions of the tissue (Figure
7A). We found the two hundred genes that were most highly expressed in the tumor regions. Two
of the genes highly expressed in the tumor regions are ‘ABHD2’ (Figure 7B) and ‘S100G’ (Figure
7C). It was discovered that these two highly expressed genes have been shown to play a role in
cancer. ABHD2 has been previously found to promote prostate cancer growth and resistance to
chemotherapy [30]. S100G has been found to be involved in the development and progression of
many different cancer types, including breast cancer [31]. The results of differential gene
expression analysis could be used to find patient-specific biomarkers and neoantigens for targeted
therapy. We then ran the two hundred highest differentially expressed genes through GO analysis,
using GO Term Finder. The ten most significant GO terms are shown in Figure 8. Using GO
analysis, we found that the tumor regions of the tissue are very involved in processes associated
with antigen presentation and T-cell mediated cytotoxicity. This gives us a better insight into what
is biologically happening within the tumor. Tumor antigens are getting presented to elicit a

response from the immune system. T-cell mediated cytotoxicity is likely working to kill the tumor
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cells. Results like this from GO analysis could be used in patients to better understand how their
body is responding to the tumor.

Through these experiments differential gene expression analysis has been shown to be
effective at finding biomarkers. GO analysis has been shown to effectively determine the
biological functions of different clusters. These tools have the possibility of helping our ability to

find important differences among various heterogeneous regions of tissue.

1.3  Discussion

Through this study, it was shown how spatial transcriptomics datasets and different tools
can be used to better understand the heterogeneity of gene expression in tissue. Different aspects
of a clustering pipeline were used. We looked at using the Gini coefficient to help create clusters,
the performance of different clustering tools, biomarkers that can be used to confirm cluster
assignments, and analyses that can be conducted after clusters are created to understand the
differences between clusters.

As stated previously, dimension reduction of spatial transcriptomics data is very important
prior to performing clustering. Ideally, genes that are likely to be different among different cell
types would be the only genes used for clustering. We have shown that the Gini coefficient is a
good way to find genes with high spatial variety. It was also shown how spatially varying genes
are likely to vary between different cell types. Using the tool that we created, we are able to find
the Gini coefficients of genes in spatial transcriptomics datasets. Looking at a dataset from breast
cancer tissue, genes that were spatially varying had expression patterns that correlated with
different regions of the tissue. This shows how genes with high Gini coefficients can be used to
create more accurate cluster assignments. We also discovered that this method could be used to
help find biomarkers for certain regions of tissue.

We were able to benchmark the performance of four different clustering tools by running
each tool on three different datasets. We were able to test three Python-based tools and one R-
based tool. As each tool works in slightly different ways, it is helpful to find out which method
can cluster data with the most accuracy. We found that depending on the dataset used, each tool
had varying performance. For example, STAGATE was the worst clustering tool for the first
dataset and the best clustering tool for the second dataset. Overall, we showed that out of the four

tools tested, SpaGCN was the most effective at creating accurate clusters.
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For many spatial transcriptomics datasets, there is no gold standard to test the accuracy of
clustering tools. We found that when using certain datasets, biomarkers for regions of the tissue
can be used to validate clustering assignments. This was shown by using biomarkers for the sagittal
plane of the mouse brain. Biomarkers for different regions of the mouse brain were found using
the Protein Atlas and correlated with assigned clusters [26]. Given that there are known biomarkers
for regions of the tissue used, this approach will allow many more spatial transcriptomics datasets
to have the accuracy of clustering assignments tested.

Finally, we looked at different methods to understand the differences among tissue regions.
We showed how differential gene expression can effectively find the biomarkers of clusters. We
then showed how after differential gene expression is performed, GO analysis can find the
biological differences of clusters. We used three different web-based GO analysis tools to
determine the consistency of the tools, finding that the clusters assignments were more important
than the GO analysis tool used. We then finally tested the ability of these two analyses on the
breast cancer dataset. We found that two of the upregulated genes in the cancerous regions are
involved in cancer development, and these differential genes can give us a better idea of the
characteristics of this cancer. This approach could be used to find neoantigens to create antigen
targets for treatments like CAR T-cell therapy [32]. Using a GO analysis tool, we were able to pin
down the biological differences in the cancerous region compared to the other regions. We found
that the cancerous region has high antigen presentation and T-cell mediated cytotoxicity. The GO
analysis tells us that this patient’s immune system is actively working, likely fighting the cancer.

Overall, we were able to show the usefulness of spatial transcriptomics data, improvements
that can be made to clustering tools, tools that can be used to discover biomarkers, and tools that
can be used to discover differences among regions of tissue. These findings could be used to further

help cancer treatments.
14 Methods

1.4.1 Gini Coefficient

The Gini coefficient of genes was found by first grouping spatially close spots together.
The spots were grouped together by making rectangular subsections, covering the area of the data,
and assigning all spots contained in one subsection to the same group. The number of subsections

was determined by the number of spots in the dataset. The number of subsections was equal to the
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square root of the number of spots, rounded to the nearest whole number. After groups were found,
the average gene expression for all spots in a group, for each gene, were found. The Gini coefficient
of each gene was then found by finding the line of perfect equality and the Lorenz curve for each
gene. The Gini coefficient was calculated using the formula: Gini Coefficient = A/(A+B), where A
is the area in between the line of perfect equality and the Lorenz curve and B is the area under the

Lorenz curve [33].

1.4.2 Clustering Tools

Different clustering tools were run to test their performance and to understand how their
performance varied when clustering different datasets. The clustering tools BayesSpace, SEDR,
SpaGCN, and STAGATE were all run [12-15]. The tools were run according to their published
documentation, following the recommended pipeline and default parameters.
BayesSpace GitHub: https://github.com/edward130603/BayesSpace [12].
SEDR GitHub: https://github.com/JinmiaoChenLab/SEDR [13].
SpaGCN GitHub: https://github.com/jianhuupenn/SpaGCN [14].
STAGATE GitHub: https://github.com/zhanglabtools/STAGATE [15].

1.4.3 Differential Gene Expression Analysis

Differential gene expression analysis was run by comparing the gene expression in one
cluster to the gene expression in all other clusters. Gene expression data for spots were placed into
two separate groups. One group contained the gene expression data for the spots in the cluster to
be analyzed. The other group contained the gene expression data for all other spots. To find
differential genes, a Mann-Whitney U-Test was run in Python using the mannwhitneyu function
in the stats package of SciPy. When running gene ontology (GO) analysis, only genes that were

upregulated in the analyzed cluster were used.

1.4.4 Dataset Availability

The datasets used in this study are available from their original authors. All the datasets
used are spatial transcriptomics datasets. The breast cancer dataset is available on the website of
10X Genomics (https://www.10xgenomics.com/). The “Human Breast Cancer (Block A Section
1)” was the dataset used. The tissue annotations for this dataset were provided by SEDR [13]. The

mouse  visual  cortex  dataset is  available on the STARmap  website
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(https://www.starmapresources.com/data) [34]. The mouse hypothalamic nucleus dataset is
available via the authors of the original article
(https://datadryad.org/stash/dataset/doi: 10.5061/dryad.8t8s248) [35]. The mouse sagittal plane
anterior and posterior datasets are available on the website of 10X Genomics

(https://www.10xgenomics.com/).
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CHAPTER 2

The Mechanical Origins of Tumor Heterogeneity

2.1 Introduction

In cancer, cells often behave in unexpected ways, resulting in the creation of tumor
subclones and heterogeneity within the tumor. Every type of cancer contains an assorted
population of cells with differences found in their genetic, epigenetic, and phenotypic traits [36].
The heterogeneity of tumors contributes to worse patient prognosis and treatment failures.
Intratumor heterogeneity is an identified driver of metastasis and is associated with decreased
patient survival [4]. The intratumor heterogeneity is caused by a variety of processes including
mutations during DNA replication, heterogeneity in the physical aspects of the tumor
microenvironment, and abnormal signaling interactions between cells [36]. The heterogeneity in
cancer needs to be better understood.

Intratumor heterogeneity is often shown in many aspects of the cancer phenotype,
including cell morphology, gene expression, metabolism, motility, proliferation, angiogenic
behavior, and metastatic potential [37]. There can be profound consequences resulting from these
heterogeneous phenotypes. As an example, heterogeneity of angiogenic behavior can greatly affect
the way that nutrients are delivered and waste is removed from the microenvironment, affecting
the ability of immune cells to reach and survive in the tumor microenvironment [38].
Heterogeneity can be caused by many different processes, including through genetic mutations.
Genetic mutations are common in cancer cells and due to mutations, cancer cells often have a
different number of gene copies when compared to a regular genome [37]. These copy number
variants (CNVs) in cancer cells can include decreases in the number of tumor suppressor genes,
like TP53 which makes the p53 protein, or increases in the number of proto-oncogenes in a cell,
like KDR which is the receptor for vascular endothelial growth factor (VEGF) [39, 40]. CNVs in
cancer cells can cause all the alterations that we see in the cancer phenotype, including altered
metabolism and angiogenic behavior. In tumors, there is also heterogeneity associated with the
mechanical aspects of the microenvironment [41]. Cell subtypes seen in cancer, such as cancer

associated fibroblasts (CAFs), can create a diverse extracellular matrix (ECM) in tumors by
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depositing different ECM proteins like fibronectin [42]. ECM protein deposition and organization
can alter tumor stiffness. Cells change their physiological behavior due to the mechanical forces
that they sense, so an abnormal mechanical microenvironment can cause cells to behave in
unnatural ways. A mechanically heterogeneous microenvironment can affect cellular energetics
and angiogenesis [38, 41].

Tumors are typically stiffer than healthy tissue due to multiple reasons, including increased
collagen deposition and cross-linking [43]. The stiffening of tissue during cancer affects many
physiological aspects of cells, helping contribute to tumor heterogeneity and the formation of
irregular vasculature. During cancer, clear increases of matrix stiffness can be seen in many
different tissue types. Normal breast tissue has a stiffness between 0.4 kPa and 2 kPa, while breast
carcinoma has much higher stiffness between 4 kPa and 12 kPa. Normal brain tissue has a stiffness
ranging from 0.3 kPa - 0.5 kPa, and brain glioblastoma has a stiffness between 7 kPa and 26 kPa
[38]. It is has been shown that tumor stiffness is a promoter of irregular vasculature. Angiogenic
outgrowth, invasion, branching, and porosity of vasculature have all been observed to increase
with increasing matrix stiffness [44]. The mechanisms remain unclear, but recent work suggests
matrix stiffening causes higher endothelial cell contractility, disrupting endothelial barrier activity
[45]. This is important as endothelial cell are the cells that create vasculature [38].

There is a need to better understand the cause of irregular vasculature in cancer. This
upregulated, abnormal, and unorganized vasculature is a hallmark of cancer and cancer
development [38]. The irregular vasculature can affect the delivery of nutrients to the tumor
microenvironment, furthering the heterogeneity in tumors [38]. The heterogeneity of tumors and
irregular vasculature of the tumor microenvironment lead to increases in tumor growth and
metastasis. The irregular vasculature also results in leaky and dilated blood vessels [38]. This
contributes to a reduced ability to deliver drugs to tumors [38]. Because the abnormal vasculature
structure can both help cancer progress and hinder different treatment options, there is a large need
to further understand the causes. Finding a connection between the behavior of endothelial cells in
the tumor microenvironment is essential to further understanding this phenomenon.

Traction forces and metabolic activity are important components that affect the tumor
microenvironment and can affect the physiological aspects of endothelial cells. Traction forces are
important components in cell adhesion, cell spreading, migration, and ECM remodeling [46-48].

Metabolic activity is associated with cell migration and proliferation. Both components are heavily
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involved in angiogenesis. Due to stiffer substrates, endothelial cells have been observed to have
increased traction forces [49]. Cell-generated traction forces are needed for blood vessel formation;
however, when traction forces are too high, the permeability of vasculature is raised, and leaky
blood vessels are formed [38, 50, 51]. Altered metabolism is also observed in endothelial cells
when stiffness is varied [52, 53]. The metabolism of endothelial cells has been observed to regulate
angiogenesis, so altered metabolism can result in unnatural angiogenic tendencies [54].

Traction forces are generated by stress fibers and actin filaments, which allow cells to
attach to their substrate through focal adhesions [55]. In endothelial cells, traction forces and
migration are initiated by actin polymerization, allowing the cell to pull on its environment [48].
Many of the studies first quantifying these relationships come from the mid-2000’s [46, 47].
Although there have been some improvements, the method used then, traction force microscopy
(TFM), is still an effective method for measuring the traction forces that cells cause. TFM was
first developed as a method in 1996 [56]. TFM allows for the quantification of the traction forces
generated by cells in 2D, by measuring the deformation of a cell’s substrate [48]. The current
method of conducting TFM involves seeding cells on polyacrylamide (PA) gel substrates which
contain fluorescent beads [48]. PA gels are very useful due the ability to tune their stiffness by
adjusting the ratio of acrylamide to bis-acrylamide in their solution [48]. To measure TFM, cells
are seeded on PA gels, an image is taken of the cell and the fluorescent beads embedded in the PA
gel, the cell is removed, and a final image is taken of the fluorescent beads [48]. As the cells pull
on the substrate, the position of the fluorescent beads will be deformed due to traction forces on
the substrate. This bead movement can be used to determine the traction forces that cells create
[48]. Traction forces have been shown to correlate with many aspects of the tumor
microenvironment. There has been work in our lab showing a positive correlation with increasing
cellular traction force and increasing metastatic potential in cancer cells [57]. In endothelial cells,
traction forces have also been shown to play a large part in cell-cell adhesion and network
formation [55]. If traction forces are increased, vasculature becomes leaky, and if traction force is
inhibited, endothelial cell networks are disrupted [55].

Cellular metabolism, which was once difficult to study in individual cells, has been
explored more recently due to the prevalence of new measurement tools. One of these tools, the
PercevalHR probe, has often been used for this purpose. PercevalHR contains a combination of a

fluorescent protein and a protein GInK1, which binds to active ATP and ADP [58]. Binding of
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each ATP and ADP produces a fluorescent signal, which allows the ATP/ADP ratio of cells to be
calculated as a metric of the metabolic activity of cells [58]. Cells use their intracellular energy
through the dephosphorization of ATP into ADP [59]. If cells have higher energy demands, they
need a higher supply of ATP [59]. So, a higher ATP/ADP ratio of a cell means that that cell has
higher energetic demands than a cell with a lower ATP/ADP ratio. The PercevalHR probe has
been used by our lab to show many changes that occur in cells’ metabolic activity due to being in
the tumor microenvironment, such as showing that cancer cells often choose the least costly
energetic path during migration [59].

It is known that cell traction forces are transmitted to the substrate through stress fibers
and focal adhesions, and the formation of more polar actin stress fibers and an increase in focal
adhesions have been observed in cells with increasing substrate stiffness [60-62]. Furthermore, it
is known that stress fiber-mediated contractility requires ATP. From this, a relationship can be
drawn between substrate stiffness, cellular traction forces, and cell metabolism, all contributing to
irregular vasculature in the tumor microenvironment.

In this study, we used human umbilical vein endothelial cells (HUVECs) to measure
endothelial cell traction forces and metabolic activity on substrates of varying stiffness, to better
understand the relationship of these two cellular properties in association to matrix stiffness. Using
PA gels, substrates for cell culture of tunable stiffness were created. We seeded HUVECsS on these
substrates, then measured cellular traction forces and cellular ATP/ADP ratios. Different methods
were also used to further understand the mechanism behind the changes of these properties with
changing matrix stiffness. Because previous studies show increased cellular traction forces on
stiffer substrates and traction forces require energy, we hypothesized that endothelial traction
forces and metabolic activity would both increase due to increasing substrate stiffness [49].
However, our data indicates increased traction forces and a biphasic trend of metabolism in
endothelial cells due to increasing substrate stiffness. Overall, this data suggests that higher matrix

stiffness may increase a cell’s likelihood of producing irregular vasculature.

2.2 Results

To understand the relationship between the properties of endothelial cells in relation to
substrate stiffness, HUVECs were cultured on substrates of varying stiffnesses. Unless otherwise
stated, the HUVECs were measured in a single-cell state. PA gels of stiffness 0.5 kPa, 1 kPa, 2.5
kPa, 5 kPa, 10 kPa, and 20 kPa were used as the substrate for cells.
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Figure 9. HUVECs cultured for 24 hours on PA gels of stiffnesses 0.5 kPa and 20 kPa.
Confocal microscope images of the fluorescent ATP and ADP channels of the PercevalHR
probe are shown. The heatmaps of the ATP/ADP ratio are shown. The traction force maps
are also shown.

2.2.1 Substrate Stiffness Alters the Physiological Properties of HUVECs

To investigate the change in a cell’s behavior due to substrate stiffness, the traction forces
and ATP/ADP ratio of cells on PA gels of varying stiffnesses were measured using traction force
microscopy and the PercevalHR probe. These measurements were executed in the same
experiment, with each cell having both measured to allow for direct comparisons on a cell-by-cell
basis. Figure 9 shows microscope images obtained of cells on 0.5 kPa and 20 kPa substrates. In
this figure. an image of the fluorescent ATP channel, an image of the fluorescent ADP channel, a
heatmap of the ATP/ADP ratio, and the traction force diagram are shown for each cell.

It was found that the traction force of cells increases as cells are on increasing stiffness
substrates (Figure 10A). Cell spreading also increases as cells are on increasing stiffness substrates
(Figure 10B). However, there is a linear relationship with traction force and cell spreading, with
larger cells generally applying more traction force (Figure 10C). Because cells are typically larger
on stiffer substrates and larger cells typically apply higher traction forces, traction stress was used
moving forward to measure the forces that cells apply to their environment. This is to allow cells
on stiffer substrates to be fairly compared to cells on softer substrates. Traction stress is calculated

as the traction force ofa cell divided by the area of a cell. HUVECs on substrates of increasing
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Figure 10. (A) The traction
force and (B) cell area of
HUVEC:s on different stiffness
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Figure 11. (A) The traction stress and (B) ATP/ADP ratio of HUVECs on different stiffness
substrates. n=67, 77, 67, 80, 58, 83 for increasing stiffnesses, respectively.
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stiffness have increasing traction stresses (Figure 11A). This follows the results of previous studies
using endothelial cells [49].

Based on measurements of ATP using the PercevalHR probe, there is a biphasic trend of
cell energetics as a function of substrate stiffness (Figure 11B). Since cells have higher traction
stresses on stiffer substrates, and cells require energy to apply traction stresses, we hypothesized
that cellular ATP/ADP ratio would increase as cells are on increasing stiffnesses. So, we expected
that higher traction stresses would correlate with higher ATP/ADP ratios. From 0.5 kPa and going
to 5 kPa, the ATP/ADP ratio of cells increases, following the expected trend. However, from 5
kPa to 20 kPa, the ATP/ADP ratio of cells decreases. This is the opposite of the expected trend
and the opposite of the trend observed over softer stiffnesses. This unexpected biphasic trend has

led to further investigation to discover its causes.
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increase (Figure 12A). This metric is important as it may explain why cells on 10 and 20 kPa
substrates are able to create more traction stresses than cells on 5 kPa substrates, while having a
lower ATP/ADP ratio.

Since traction stress measurements contain more variability compared to ATP/ADP ratio
measurements, it is possible the traction measurements are overly weighted in the efficiency
calculations. To account for this possibility, normalized efficiency was calculated by normalizing
traction stress and ATP/ADP ratio separately. To normalize values in each dataset, the lowest value
of each was set to zero and the highest value was normalized to one. The normalized traction
stresses were then divided by the normalized ATP/ADP ratios to calculate normalized efficiency.
Normalized efficiency calculations demonstrated similar trends to unnormalized efficiency

calculations (Figure 12B).

2.2.3 Further Exploring Altered Energetics

Given that the PercevalHR probe indicated that there is a biphasic relationship between
ATP/ADP and substrate stiffness on an individual cell basis, we sought to expand this work using
an ATPlite assay to measure overall ATP in a cell population. After culturing cells on varying
stiffness substrates, the cells were lysed, the lyse solution for each stiffness was placed into 12
different wells of'a 96 well plate, and the ATP content of each well was measured using an ATPlite
assay. This assay measured the ATP content of many cells which were cultured together. The
number of cells lysed for each stiffness were counted and verified to be similar, to ensure that there
was not an altered number of cells on different stiffness substrates. The relative amount of ATP in
cells for each stiffness is represented as the luminescence of each well after performing the ATPlite
assay. Our data indicates there is also a biphasic trend that emerges in bulk ATP levels of cells
cultured on various stiffness substrates (Figure 13A). Cells cultured on the softest substrates, 0.5 -
2.5 kPa, all have similar levels of ATP. Cells cultured on increasing stiffnesses, 5 - 10 kPa, exhibit
increased ATP. On the stiffest substrate, 20 kPa, the ATP level slightly decreases. This is similar
to the biphasic trend observed for ATP/ADP ratio; however, in this instance the largest ATP was
found in cells cultured on 10 kPa substrates. This is opposed to the largest ATP/ADP ratio, which
was observed in cells cultured on 5 kPa substrates. This supports that there is a biphasic trend of
energetics when HUVECs are on substrates of increasing stiffness. The reason for this biphasic
trend is still not apparent; however, this result confirms a decrease in energetics in HUVECs on

the stiffest substrates. These results also indicate there are differences in the two methods used to
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Figure 13. (A) The relative ATP level of HUVECs on different stiffness substrates.
For each stiffness, n=14. (B-C) The fluorescence of 2-NBDG and TMRM of
HUVEC:s on different stiffness substrates. n = 74, 85, 70 for increasing stiffnesses,
respectively.

measure energetics. PercevalHR measures the ATP/ADP ratio of cells and ATPlite measures the
ATP level of cells. It is likely the slight difference in measurements between the two methods is
due to changing ADP levels, which are not measured by ATPlite.

To further investigate the relationship of cellular energetics and substrate stiffness, another
method was attempted, using 2-NBDG and TMRM. 2-NBDG is fluorescent glucose analog, which
can be used as a measure of the relative glycolic rate of cells. TMRM is a fluorescent mitochondrial
membrane potential indicator, which can be used to find the relative rate of oxidative
phosphorylation (OXPHOS) in cells. Using both methods together, the relative level of both major
metabolic pathways can be found for individual cells. These methods were used on cells on
substrates of stiffnesses 2.5 kPa, 5 kPa, and 10 kPa. Using 2-NBDG, it was found that the relative
glycolic rate of cells is not affected by substrate stiffness (Figure 13B). Based on TMRM, as cells
are on increasingly stiff substrates, their OXPHOS rate decreases (Figure 13C). However, TMRM
does have the tendency to wash away over time, affecting the ability to obtain accurate results.
During the experiment this was not accounted for, and TMRM was imaged in the order of cells on

2.5 kPa gels first, cells on 5 kPa gels second, and cells on 10 kPa gels last. TMRM may have
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washed away in the cells imaged later, causing this significant difference in results. Because of
this, the current results are not thorough enough to draw conclusions from, and this experiment
needs to be repeated.

Seahorse XF analyzers can measure glycolic and OXPHOS rates of cells with more
accuracy than 2-NBDG and TMRM. An issue with this method is that Seahorse XF analyzers use
specific plastic well plates, which are very difficult to polymerize PA gels in. The difficulty is
because PA gels’ polymerization is inhibited in the presence of oxygen, and there is a lot of oxygen
on the surface of plastic well plates. One previous study was found where the authors polymerized
PA gels inside of a Seahorse XF plate; however, after contacting the authors it was found that the
method to do this was difficult and hard to replicate [63]. It was then attempted to find a different
method to polymerize PA gels inside of this plastic plate. After trying numerous methods involving
plate treatment, increased initiator concentration, the use of a UV activated adhesive, using
riboflavin as a secondary initiator, and using oxygen scavengers; a method to polymerize PA gels
inside of the Seahorse plate was finally discovered. This method uses an increased initiator
concentration along with sodium sulfite, an oxygen scavenger. The protocol for PA gel
polymerization inside of a Seahorse is available in the Appendix. However, this method only
worked on 10 kPa and 20 kPa PA gels, removing the benefit, as we would like other softer
stiffnesses to be tested as well. Because of this, the ATPlite was the sole experiment to verify the

biphasic trend found using the PercevalHR probe.

2.2.4 Determining the Mechanism of Action

Further experiments were performed to determine the mechanism by which a cell changes
its physiological properties due to substrate stiffness.

To further explore the relationship of HUVEC behavior due to varying stiffness substrates,
PercevalHR HUVECs were cultured to form a monolayer. Cells on stiffer substrates have been
noted to have larger and more mature focal adhesions [64]. Cells in a monolayer have increased
adhesions due to cell-to-cell interactions. Because of this, it was thought that cells in a monolayer
on softer substrates may behave similarly to single-cells on stiffer substrates. Due to the way TFM
works, traction forces could not be measured for cells in a monolayer. So, the ATP/ADP ratios of
HUVECs in the monolayer were measured and compared to single-cell HUVECs. Through this
experiment, it was found that HUVECsS in a monolayer had a significantly lower ATP/ADP ratio
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Figure 14. (A) The ATP/ADP ratio of HUVECS single-cell and in a monolayer, on 2.5
kPa stiffness substrates. Single-cell, n=93; monolayer, n = 49. (B) The traction stress, (C)
ATP/ADP ratio, and (D) efficiency of HUVECs nontreated and treated with ROCK
inhibitor. Nontreated, n = 58; treated, n = 26.

when compared to single cells in isolation (Figure 14A). This supports the hypothesis that cells in
a monolayer on softer gels will have a similar behavior as cells on stiffer gels. The cells in a
monolayer on 2.5 kPa gels had a similar ATP/ADP ratio to single-cells on 20 kPa gels. This
experiment was only performed for cells on 2.5 kPa PA gels and would need to be expanded to
include other stiffnesses to provide more definitive conclusions.

The final experiment to further understand the mechanisms of varying ATP/ADP ratio and
efficiency of cells on varying stiffness substrates was treating the cells with an inhibitor of Rho-
associated protein kinase (ROCK), Y-27632. ROCK critical for pathways involving cell spreading,
migration, and traction force generation [59, 65]. Inhibiting ROCK majorly disrupts these
functions. There is typically an increase in cell spreading, migration, and traction force generation
for cells on stiffer substrates, and it was thought that inhibiting ROCK for cells on stiffer substrates
would induce the cells to behave similarly to cells on softer substrates. Because of this, it was
expected that inhibiting ROCK in cells would decrease traction stress and efficiency, while
increasing the ATP/ADP ratio, which are all characteristics measured of cells on softer substrates.
Treatment with ROCK inhibitor for HUVECs on a 10 kPa substrate was able to significantly
decrease HUVECs’ traction stress (Figure 14B), while not altering HUVECs’ ATP/ADP ratio
(Figure 14C). This resulted in a significantly decreased efficiency (Figure 14D). This supported

the hypothesis that treatment with ROCK inhibitor would decrease a cell’s traction stress and
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efficiency. However, the full hypothesis was not supported as the ATP/ADP ratio was not
measured to increase. Although, because the ATP/ADP ratio trend is biphasic, it is difficult to
confirm with ATP/ADP ratio that the treatment did not make cells behave as if they were on a
softer substrate. With this treatment on a 10 kPa substrate, the cells could be behaving similar to
untreated cells on a 2.5 kPa substrate. Compared to regular HUVECs on 10 kPa, HUVECs on 2.5
kPa have lower traction stresses, lower efficiency, and similar ATP/ADP ratio, all of which were
measured here. Because ROCK is important for so many pathways, we decided to pursue other
experiments in the future that will have less of a major effect on the cell instead of repeating this
experiment for cells on other stiffnesses. This was because we were not sure if the inhibition of

ROCK changed traction stress and efficiency due to other pathways being affected.
2.3 Discussion

2.3.1 Substrate Stiffness Alters the Physiological Properties of HUVECs

Through these experiments we have found many physiological trends of HUVECs in
relation to substrate stiffness. We found that cellular traction stress increases as cells are on
substrates of increasing stiffness, which follows findings in other studies using endothelial cells
and other cell types [49, 57]. This study does expand on the stiffnesses that were used in other
studies, so it is interesting to see that the trend remains the same when a wider range of stiffnesses
are used.

Whenever cells are on gels between 0.5-5 kPa, we have an expected trend of ATP/ADP
ratio. As stated earlier, cells require energy to apply traction stress on their environment. It would
be assumed that cells on stiffer substrates, which apply higher traction stresses, would require more
energy to apply higher traction stress. This is what was found when looking at cells on stiffnesses
from 0.5-5 kPa. As the substrate gets stiffer, energetics increase. However, when cells are on 10
and 20 kPa gels, the trend reverses. From 5-20 kPa as substrate stiffness increases, traction stress
is increased, and ATP/ADP ratio is decreased. Biphasic trends of cell behavior in relation to
substrate stiffness are not entirely new. For certain cell types, biphasic trends have been found in
cell spreading in relation to substrate stiffness [57]. Although this is not identical to the trend
noticed here, it shows that cells can have an ideal substrate stiffness where their physiological

properties are at a maximum. It is likely that for each different cell type, the stiffness to maximize
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certain cellular processes would be different. Repeating this experiment using a different type of
endothelial cell would further this thought and provide more context into what is occurring.

It was considered that other cellular processes that are not involved in the generation of
traction forces could be accounting for the difference of ATP/ADP ratio for cells on different
stiffness substrates. There are many processes in cells which require ATP, that do not involve
traction force generation. Some of these processes are cell proliferation, intracellular signaling,
and DNA/RNA synthesis [66]. However, differences in proliferation according to substrate
stiffness were not observed when performing these experiments. Biphasic trends in these processes
have also not been observed in relation to substrate stiffness, showing that this is unlikely the cause
of varying energetics.

The biphasic trend of ATP/ADP ratio leads to a hypothesis that cells pull on their
environment more efficiently at these higher stiffnesses (10 and 20 kPa), reducing the required
energy to generate traction stress. Actin has been found to be more polarized and show higher
organization in cells on higher stiffness substrates [67]. This leads to more stable stress fibers,
more order in the cytoskeletal network, and increased cellular traction forces [67]. As actin is a
main component in the cell involved with generating traction forces, the increased actin
organization may lead to an increased ability of cells to generate traction forces, with more
efficiency. Focal adhesions have also been found to be more mature and larger in cells on higher
stiffness substrates [64]. Focal adhesions are the way that cells attach to their environment.
Focusing on the relationship between focal adhesions and the actin cytoskeleton, focal adhesions
act as the connection of the cell to the environment and the cytoskeleton is what enables the cell
to create a force to transmit. An enhanced relationship between actin and focal adhesions would

allow cells to be more efficient in traction force generation.

2.3.2 Relationship of Altered Properties

The ability of cells to create traction stresses more efficiently, on stiffer substates, is further
shown by efficiency. It was shown by using efficiency that cells on stiffer substrates do have an
increased ability to create higher traction stress, with similar ATP/ADP ratios. As stated
previously, cells use their actin cytoskeleton, in addition with their focal adhesions to help pull on
their environment. Cells on stiffer substrates are better able to apply traction stress to their
environment with a similar amount of energy, and actin and focal adhesion structure is likely the

reason for this.
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2.3.3 Further Exploring Altered Energetics

We wanted to verify the energetic trends observed with the PercevalHR probe, so we used
ATPlite to measure the ATP levels of cells on different stiffness substrates. We found that there is
also a biphasic trend of cellular ATP levels in relation to substrate stiffness. This confirms the
findings when using PercevalHR, that there is a biphasic relationship between cellular energetics
and substrate stiffness. As stated earlier, this trend is very interesting and unexpected, and the
mechanisms of it need to be explored further.

The trend of ATP levels in cells was slightly different from the trend of ATP/ADP ratios.
The trend of ATP seems to slightly lag behind the ATP/ADP trend, as the highest level of ATP
observed was when cells were on 10 kPa substrates and the highest ATP/ADP ratio was observed
when cells were on 5 kPa substrates. The origin of the difference is likely from the varying
metabolic measuring methods. The energetics of cells are often difficult to determine, as there are
many cellular processes which create and use energy. The difference in measurements is likely
due to changes in ADP levels, which are not measured with ATPlite. Also, both methods fail to
measure how AMP levels are altered. ATP is hydrolyzed into ADP to create energy, and ADP can
further be hydrolyzed into AMP [66]. While the hydrolyzation of ADP into AMP is a process used
by cells much less frequently, it still affects the energetics of cells. Both methods have shown the
ability to quantify metabolic activity within cells [68, 69]. However, as these methods work in
different ways, it is difficult to do a simple one-to-one comparison between them.

When using ATPlite, the bulk ATP levels of all cells inside of a well are measured. It would
be useful to use a method where the ATP level of each individual cell could be quantified, so that
the relationship between an individual cell’s traction stress and ATP level could be found, just like
what was able to be done with ATP/ADP ratios. This could further verify the trends found when
using PercevalHR.

Other methods used to verify the energetic trends either need to be repeated, in the case of
2-NBDG/TMRM, or were not able to be used with the stiffnesses needed, in the case of the
Seahorse XF analyzer. 2-NBDG/TMRM can be repeated to help verify the results found and to
determine which metabolic pathway is being affected by substrate stiffness. Although the Seahorse
XF analyzer cannot be used for this experiment, a novel method of creating PA gels inside of a
Seahorse XF plate was discovered. This method can be used by our lab in the future to further the

connection between cell metabolism and substrate stiffhess.
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2.3.4 Determining the Mechanism of Action

Finally, we explored the mechanism that creates higher cell efficiency on higher stiffness
substrates. Because cells on stiffer substrates show more developed focal adhesions and actin
cytoskeletons, we enhanced or disrupted these features in an attempt to increase or decrease cell
efficiency.

Cells on stiffer substrates have larger and more mature focal adhesions [64]. It is thought
the larger surface area of focal adhesions help contribute to increased efficiency. As a way to create
a similar focal adhesion structure for cells on softer substrates, cells were cultured into a
monolayer. Cells in a monolayer are more adhered to their environment, due to cell-to-cell
adhesions, which should allow a similar level of force transmission while using a lower amount of
energy. As stated previously, cells in a monolayer cannot have their traction forces measured
because TFM must be conducted in a single-cell manner, where the bead displacement of a single
cell is measured. This means that the efficiency of these cells can also not be calculated. Because
of this, the ATP/ADP level of these cells was measured, to see if the cells in a monolayer required
less energy to produce their traction stresses compared to single-cells. We found that cells in a
monolayer do have a lower ATP/ADP ratio compared to single-cells. This confirms the hypothesis
that more advanced or additional focal adhesions help contribute to a lower cellular energy level
to produce traction forces. When cells are in a monolayer, there are also changes in cell-to-cell
signaling. It was considered when performing this experiment that these changes could affect the
energetics of cells. Because of this, other experiments were performed to confirm the results. This
experiment was only performed on one substrate stiffness, 2.5 kPa. It would be interesting to repeat
the experiment on other stiffness substrates to further understand how more cell attachment affects
the efficiency of cells. It would also be interesting to measure cellular traction forces of cells in a
monolayer, to get an actual measurement of their efficiency. While TFM cannot be used for this,
there are other methods of measuring cellular traction force that could possibly be used in future
experiments.

Cells were treated with an inhibitor of ROCK in an attempt to disrupt the efficiency of
cells. In this experiment we were still trying to alter the efficiency of cells; however, here we
wanted to decrease efficiency. In the monolayer experiment we attempted to increase efficiency.
ROCK is known to help coordinate cytoskeleton reorganization, and inhibiting ROCK can disrupt

the cytoskeletal organization and prevent cell polarization [70]. ROCK treatment was used to
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disrupt the organization of actin, to decrease the efficiency of cells on stiffer substrates. We found
that inhibiting ROCK does decrease the efficiency of cells, when on 10 kPa substrates. The results
show that organization of the actin cytoskeleton does affect cell efficiency. While this further
confirms the hypothesis, we decided to not expand this experiment for different stiffness
substrates. Since inhibiting ROCK affects many major pathways, the effects may be too upstream
to determine that efficiency is decreased solely due to a reduction in actin polarization.

The future directions for this study are to use treatments which can enhance or restrict
certain integrin binding, to affect the efficiency of cells on different stiffness substrates. A FAK
inhibitor can be used to inhibit certain integrin binding, in an attempt to decrease the efficiency of
cells. Cells can also be treated with manganese, in the form of manganese chloride, to increase
integrin binding and to promote focal adhesion formation. Manganese would be used in an attempt
to increase the efficiency of cells. Finally, it would be useful to stain cells for actin and focal
adhesions, to visualize their structure due to substrate stiffness. Results from these proposed
experiments are hypothesized to show that cells on stiffer substrates have more efficient

organization of stress fibers which allow them to transmit traction stress more efficiently.
2.4  Methods

2.4.1 Cell Culture and Reagents

Human umbilical vein endothelial cells (HUVECs) were cultured using endothelial growth
medium 2 (EGM-2), by Lonza. HUVECs were maintained until their fifth passage. HUVECs were
transfected to express the PercevalHR and pHRed probes, to allow measurement of cellular
ATP/ADP ratios [68, 71]. To inhibit Rho-associated protein kinase (ROCK), HUVECs were
treated with 10 pM Y27632 in DMSO over a period of 3 hours.

2.4.2 Polyacrylamide Gel Preparation
Polyacrylamide (PA) gels were created using methods previously described [72, 73]. The
ratio of acrylamide to bis-acrylamide was altered to tune gel stiffness from 0.5 kPa to 20 kPa. PA

gels were coated with 0.1 mg/mL rat tail type I collagen.

2.4.3 Traction Force Microscopy
Traction force microscopy was performed using methods previously described [57, 73].

PA gels were created at different stiffnesses containing 0.5 um fluorescent beads. HUVECs were
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cultured on PA gels for 24 hours in 2 mL EGM-2. After 24 hours, a LSM800 confocal microscope
was used to take images of HUVECs and fluorescent images of the beads, at the surface of the PA
gel. HUVECs were then removed from the gel using trypsin. More fluorescent images of the beads
were then acquired. Cell areas and bead displacements between the two sets of fluorescent images

were found using LIBTRC [74].

2.4.4 Fluorescent Microscopy

PercevalHR, pHRed, TMRM, and 2-NBDG uptake were measured on a LSM800 confocal
microscope using a 20x/0.8 objective. PercevalHR was excited using a 488/405 nm laser and
emission was collected through a 450-550 nm bandpass filter. pHRed was excited using a 561/488
nm laser and emission was collected through a 576 nm long-pass filter. 2-NBDG and TMRM were
performed using methods previously described [75]. 2-NBDG was excited using a 488 nm laser
and emission was collected through a 490-650 nm bandpass filter. TMRM was excited using a
561-nm laser and emission was collected through a 562-700 nm bandpass filter. All images were

quantified using ImageJ.

2.4.5 ATPlite

HUVECs were seeded on top of PA gels of stiffnesses 0.5-20 kPa in a 6-well plate at a
density of 200,000 cells per well. Cells were cultured in 2 mL EGM-2. 24 hours after seeding,
EGM-2 was removed and 1.5 mL of ATPlite’s mammalian cell lysis solution was introduced per
well. The plates were placed in an orbital shaker and cells were allowed to lyse for 5 minutes. Lyse
solution, containing the lysed HUVECs, was then moved from wells of the 6-well plate to wells
of'a 96-well plate. 50 puL of lyse solution was moved into each well of the 96-well plate. 50 pL of
ATPlite’s substrate solution was then pipetted into each well of the 96-well plate. The 96-well
plate was dark adapted for 10 minutes. Luminescence was measured using the Cytation 5 plate
reader. We then ensured that a similar number of cells were lysed when using different stiffness
PA gels. To do this, HUVECs were cultured on PA gels of stiffnesses 0.5-20 kPa in a separate 6-
well plate. After culturing in EGM-2 for 24 hours, cells were removed with the use of trypsin and

counted using a hemocytometer.
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2.4.6 Statistical Analysis

Statistical analyses were performed using GraphPad Prism 9. For finding comparisons
between two groups, an unpaired Student’s t-test was used. For finding comparisons between
multiple groups, a one-way analysis of variance (ANOVA) was used, with multiple comparisons
of means between groups. The figures used show all data points found, the mean, and standard
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APPENDIX

Protocol for Polyacrylamide Gel Polymerization Inside of V28 Seahorse Plate

Purpose: To allow the metabolic measurements of cells on different stiffness substrates. The
changes in the protocol from the usual PA gel protocol are due to the oxygen on the surface of
plastic well plates. Oxygen inhibits PA gel polymerization. Only stiffer stiffness PA gels have
been observed to work with this protocol, due to their shorter polymerization time, allowing less

oxygen to enter the solution.

1. Remove N6 from fridge and allow to come to room temperature before opening. Do not
open if cold. (Take out fridge at the start and leave for at least 30 min before opening.)

2. Combine the following components in a 50 ml centrifuge tube to prepare the gel mixture
needed. Gel compliance is based on the ratio of acrylamide:bis-acrylamide.

E Acrylamide Vol. . Bis- . Vol. bif— HEPES TEMED MilliQ
(Pascals) o, acrylamide | acrylamide | acrylamide | pH6 ) water
(ml) % (ml) (ml) (ml)
10000 7.5 3.75 0.35 3.5 2.6 10 8.64
15000 12 6 0.13 1.3 2.6 10 8.59
20000 12 6 0.19 1.9 2.6 10 7.99
30000 12 6 0.28 2.8 2.6 10 7.09

3. pH solution to 6.0 by adding ~35 ul of 2M HCI. First add 30 pl and check on pH meter,
then slow add HCI until pH is 6.00-6.05. Vortex solution to mix.

4. Remove 845 pl of gel mixture and place in a 5 ml plastic culture tube.

5. Degas solution for 30 minutes by placing the tube in a vacuum flask and seal with a rubber
stopper. Tap flask gently on table periodically to let bubbles rise.

6. While the solution is degassing, place the plastic V28 Seahorse plate inside the plasma
cleaner. Using a timer, allow the plasma flow for at least 10 minutes. This step will allow
the solution to spread out more evenly along the wells of the Seahorse plate.

7. Weigh out 5.6 mg of N6 linker in a 1.7 ml Eppendorf tube. You need 5.6 mg N6 per tube
of gel mixture.

8. Make a 10% ammonium persulfate (APS) in MilliQ water solution (0.05 g APS into 500
ul MilliQ water). You only need a small amount to make gels, but you need extra to
polymerize any leftover solution before discarding.

9. Make a 5% Sodium Sulfite (Na2SO4) in MilliQ water solution (0.01 g Sodium Sulfite into

200 pl MilliQ water). Sodium Sulfite is an oxygen scavenger and is what allows the PA
gel solution to polymerize in plastic wells, which contain a lot of oxygen on their surface.
The goal is to make your final gel solution contain ~30 mM of Sodium Sulfite.
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10.

11

12.

13.

14.

15.

16.

17.

18.

19.
20.

Add 70 pul of 200 proof ethanol to N6. Mechanically mix (swirling) with pipette tip until
well mixed. Turn micropipette up to ~90 pl slowly suck up N6/ethanol and add it to the
845 ul of acrylamide mixture.

. Polymerize gels. Lay out all solutions and micropipettors with tips prior to beginning

polymerization (For 24-well Seahorse plate: P20 = 15 ul, P200= 65-85 ul, P200 = 40 ul,
P1000= 500 ul to mix).

a. Add 65-80 pl of the Sodium Sulfite solution into 5 ml tube with acrylamide/N6
solutions. Polymerization will begin to initiate after this — work quickly after this
point.

b. Add 15 pl of the APS solution into 5 ml tube with acrylamide/N6 solutions.

c. Use P1000 to mix gently, pipetting up and down, being careful not to introduce
bubbles.

d. Add 40 uL gel solution to the V28 Seahorse plate.

e. Let gels polymerize for 30 minutes to 1 hour (the softer the gel, the longer the
polymerization time).

While the gels are polymerizing, prepare a 0.1 mg/ml collagen in 50 mM HEPES (pH 8).
Keep solution on ice.

As soon as gels polymerize, place collagen onto the gels. Use 50-100 uL per gel for the
wells of the Seahorse plate.

Once collagen is on all gels, move the Seahorse plate to the refrigerator. Incubate at 4°C
for at least 2 hours.

Prepare a 1:1000 solution of ethanolamine in S0mM HEPES (pHS). (1 uL of ethanolamine
for each 1 mL of HEPES buffer).

After incubating the Seahorse plate at 4°C for 2 hours, pipette the collagen off the top of
the gels. Place 50-100 uL of the 1:1000 ethanolamine solution onto the gels.

Incubate gels at room temperature for 30 minutes.

Rinse gels with PBS — add liquid to side of well, not directly onto gel.

Place gels in PBS + 2% P/S and store at 4C for up to 2 weeks.

UV gels for 1 hr prior to use.
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