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ABSTRACT 
 

Hepatocellular carcinoma (HCC) is a highly aggressive and heterogeneous cancer type with 

limited treatment options. Identifying drivers of tumor heterogeneity may lead to better therapeutic 

options and favorable patient outcomes. Here, I aimed to investigate whether cell death and its 

spatial architecture is linked to tumor molecular heterogeneity using single-cell RNAseq and 

single-cell multiplex immunofluorescence assays. Next, seven single-cell RNAseq datasets were 

analyzed to compute an Apoptotic Index and tumor diversity score and conducted survival 

analysis on our apoptotic signature. I then analyzed 254 tumor samples from two HCC cohorts 

using tissue microarrays stained with the RNAScope assay. I developed a mathematical model 

to quantify cellular diversity among HCC samples using two tumor markers, CDKN3 and PRC1 

as surrogates for heterogeneity and CASP3 as a cell death marker. I further explored the impact 

of potential dying-cell hubs on tumor cell diversity and patient outcome by density contour 

mapping and spatial proximity analysis. I also developed a selectively controlled in vitro model of 

cell death using CRISPR/Cas9 to determine therapy response and growth under hypoxic 

conditions. I demonstrated that an Apoptotic Index was significantly correlated with a Tumor 

Shannon Entropy Index, with the strongest association found in primary liver cancer and patients 

with a high expression of the apoptosis signature displayed worse overall survival. I found that 

increasing levels of CASP3+ stained tumor cells are associated with higher tumor diversity in our 

tissue microarrays. Interestingly, I discovered regions of densely populated CASP3+, that I refer 

to as apoptotic islands, in which the nearby cellular heterogeneity was found to be the greatest 

compared to cells further away from these apoptotic islands and that this phenomenon was 
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associated with survival. Additionally, cell culture experiments revealed higher levels of cell death 

led to greater therapy resistance and growth under hypoxia. These results are consistent with the 

hypothesis that increased cell death may lead to greater tumor heterogeneity and thus worse 

patient outcomes. 
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CHAPTER 1:  

CAUSES AND FUNCTIONAL INTRICACIES OF INTER- AND INTRATUMOR 

HETEROGENEITY AND THE SPATIAL ARCHITECTURE OF PRIMARY LIVER CANCERS 

 

1.1 Introduction 

Tumor heterogeneity is largely evident in primary liver cancers. Defined as the unique genotypic 

and phenotypic differences of cancer cells within a single tumor (intratumor) or amongst different 

patients (intertumor), tumor heterogeneity has consistently been linked to worse clinical outcomes 

in most, if not all, solid tumor types. In particular, liver cancer heterogeneity has been associated 

with altered immune infiltration, resistance to therapeutics, and worse overall patient survival. 

Current advancements in single-cell omic technologies have allowed for a deeper understanding 

and appreciation of the intricate composition and relationships between individual cells within a 

tumor. These observations have led to the discovery of new cell types in liver cancer, potential 

new mechanisms of therapy resistance and tumor progression, and new insights into the 

evolutionary patterns of liver cancer. To better understand primary liver cancers and their 

heterogeneous features, I will begin this chapter on a brief background of liver cancer and then 

discuss the various etiologies of this disease and how each one can contribute to diverse 

genomic, transcriptomic, proteomic, and spatial architecture observations. Next, I will go into the 

specific causes and implications of tumor heterogeneity and end with how understanding the 

spatial architecture of liver tumors can provide us with new insights and ideas for tumor diversity 

and therapeutic development. 

 

Liver cancer overview and statistics 

Primary liver cancer is one of the fastest rising malignancies worldwide, with the highest rates of 

diagnoses in Southeast Asia. While the overall cancer cases have decreased in the past decade, 

liver cancer rates are on the rise with an approximate 43,000 new diagnoses every year and an 



 2 

overall 5-year survival rate of 18% (1, 2). This discrepancy may be attributed to most patients 

being diagnosed at late stages which is caused by a lack of screening tools and diagnostic 

applications to detect early-stage disease. Moreover, there is no clear molecular driver or 

mutational profile that distinguishes the onset of primary liver cancer and today’s standard of 

practice does not make biopsies mandatory before the initiation of care. Thus, current tumor 

samples are often taken post-treatment and/or long after a tumor is formed and possibly spread 

to other regions of the liver and distant organs, making the current practice of which we study liver 

cancer difficult in deciphering major drivers of early disease onset and progression. However, with 

the advancement of many omic technologies and numerous clinical trials underway, it is clear that 

our understanding of liver cancer is growing and new therapeutic options are on the horizon.  

 

Classification of liver cancer types 

To date, there are two main forms of liver cancer: hepatocellular carcinoma (HCC) and 

cholangiocarcinoma (CCA). However, multiple studies have shown that within these two forms, 

there are unique molecular subtypes that can be distinguished by genetic drivers and clinical 

outcome (3, 4). Nevertheless, HCC and CCA are both vastly heterogeneous and fast progressing 

tumors with 90% of diagnosed cases falling under HCC and the remaining 10% as CCA. 

Classification of HCC is denoted by malignancy of the hepatocytes while manifestation of CCA 

arises from the intrahepatic bile duct epithelium. CCA is further divided anatomically by 

intrahepatic and extrahepatic CCA based on the location of the tumor within the biliary tree (5). 

Intrahepatic CCA is present within the hepatic parenchyma and is manifested by mass lesions 

while extrahepatic CCA is found in large bile ducts and can cause biliary obstruction (5).  

 

Etiologies, risk factors, and progression of disease 

While the molecular mechanism which causes primary liver cancer is largely unknown, nearly all 

cases stem from a given risk factor that leads to progression of various steps which include liver 
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injury and inflammation that may result in chronic liver disease and subsequently liver cancer. 

Currently, there are common risk factors that are attributed to the onset of primary liver cancer. 

These include cirrhosis, hepatitis B and/or C viral infection (HBV, HCV), alcohol use, obesity, 

nonalcoholic fatty liver disease, ingestion of liver flukes, and exposure to aflatoxin (Figure 1A). 

Cirrhosis defined as scarring of the liver results in permanently damaged tissue and impaired liver 

function. Patients with underlying cirrhosis have a 20- to 30-fold increased risk of developing HCC 

or CCA and over 40-fold increased mortality rate compared to non-cirrhotic patients (6, 7). 

However, individuals with a noncirrhotic liver can still develop cancer.  

 

Worldwide, the most common risk factor of primary liver cancer includes viral infection of hepatitis 

B (HBV) and/or C (HBC). HBV accounts for over 50% of HCC cases while HCV accounts for 25% 

of cases diagnosed each year (8). Across multiple countries, 57% of patients who developed 

cirrhosis were either infected with HBV or HCV (8). HBV infection can lead to a 15- to 20-fold 

increased risk of developing HCC and a 4- to 6-fold increased risk of developing CCA and this is 

most common in countries other than the United States. Interestingly, HCV is the leading cause 

of HCC and CCA in the United States. Those infected with HCV have an estimated 17-fold 

increased risk of developing HCC or CCA (9, 10).  

 

It is no surprise that substantial alcohol intake is related to the onset of liver cancer as numerous 

studies have shown this association (9, 11-13). Heavy use of alcohol can result in acute/chronic 

hepatitis or inflammation, fatty liver, and cirrhosis. Upon the intake of alcohol, ethanol is 

metabolized in the liver and is converted to acetaldehyde by alcohol dehydrogenase (ADH) which 

is further oxidized to acetate by mitochondrial aldehyde dehydrogenase (ALDH). Research has 

shown that there exist polymorphisms in the ALDH2 gene that has been associated with HCC 

development. Acetaldehyde has been shown to be carcinogenic by modulating the DNA repair 

system to produce certain DNA mutagenic effects. Moreover, the metabolism of ethanol also  
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Figure 1. Understanding the causes of liver cancer and models of tumor heterogeneity.  

(A) Etiologies of liver cancer. 

(B) Tumor heterogeneity is defined as the unique genotypic and phenotypic differences of cancer 

cells amongst different patients (intertumor) or within a single tumor (intratumor). 

(C) (Top panel) The clonal evolution model of tumor heterogeneity proposes that a cancer cell 

originates from one clone and through multiple rounds of replication and division in which new 

mutations can arise leads to new clonal variants that can form a solid tumor. (Bottom panel) The 

cancer stem model of tumor heterogeneity proposes that the differences in tumor cells can be 

linked to their differentiation stage. This model suggests that there is a certain population of cells 

with indefinite self-renewal capabilities are organized in a hierarchical manner pertinent to the 

stage of differentiation. 
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produces reactive oxygen species (ROS) which can result in increased levels of lipid peroxidation 

and subsequent mutagenic effects such as p53 mutations (14).  

 

Aside from alcohol intake, nonalcoholic fatty liver disease (NAFLD) and nonalcoholic 

steatohepatitis (NASH), which is the most severe form of NAFLD, are significant indications of 

liver cancer development. NAFLD is classified as a condition in which an excessive amount of 

triglycerides accumulate in liver cells leading to steatosis (excess fat). Interestingly, this is 

observed in the absence of excessive alcohol consumption. Current manifestations of 

NAFLD/NASH have shown to cause liver cell injury, inflammation, and progression towards 

fibrosis with 10-20% of patients then developing cirrhosis (15). Within the last few decades, 

prevalence of NAFLD-related HCC has nearly doubled in the United States and is projected to 

increase 122% by 2030 (15). Moreover, in a similar observation of excessive triglycerides, obesity 

is also another risk factor of liver cancer. Because obesity is associated with the metabolic 

syndrome, studies have shown these two manifestations as instigators of HCC development.  

 

Furthermore, exposure to aflatoxin, which is produced by the fungi Aspergillus flavus and 

Aspergillus parasiticus, in maize and nuts is linked to approximately 5-30% of HCC-related cases 

worldwide (16). Studies have shown that aflatoxin gets metabolized in the liver by P450 enzymes 

which converts the carcinogen into ROS and binds to proteins or DNA, causing aflatoxicosis 

(acute toxicity) leading to lesions over time and ultimately cancer (17). Exposure to aflatoxin and 

infection of hepatitis B virus can lead to a 30-fold increase risk of liver cancer (17). On the other 

hand, liver fluke infection is one of the major risk factors for cholangiocarcinoma in Asian countries 

(18). Liver flukes also known as Opisthorchis viverrine, Clonorchis sinensis, and Schistosomiasis 

japonica are parasitic trematodes and are often found in the liver of mammals including humans 

(18). Various mechanisms have been proposed for the link between liver flukes and 

cholangiocarcinoma. Physically, these parasites can injure the bile duct epitheliums which can 
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cause bile duct ulcers (18). Mechanistically, liver fluke infection can lead to increased 

inflammation in the bile duct through upregulation of key mediators involved in the nuclear factor-

kB (NF-kB) pathway, nitric oxide synthase (iNOS) induction, and cyclooxygenase (COX-2) 

stimulation (18). Taken together, the many risk factors that are associated with the onset of liver 

cancer demonstrates the vast diversity that exists within these tumors and the difficulties of 

developing targeted therapeutics that can significantly improve patient outcomes.  

 

Therapeutic options and early detection for patients 

Today, there exists few curable treatment options for patients with liver cancer. Selection of the 

appropriate treatment is often determined by the stage of the tumor and has been summarized 

as the Barcelona Clinic Liver Cancer Staging System (19). Early-stage tumors typically undergo 

ablation, resection, or transplantation whereas intermediate stage tumors that cannot be treated 

with surgery will undergo trans-arterial chemoembolization (TACE). TACE is a procedure that 

combines embolization (or reduced blood flow to the liver tumor) with direct injection of 

chemotherapy near the tumor (20). Once the tumor reaches to an advanced stage, first-line 

systemic therapy is given. These options include Sorafenib, which was the first U.S. Food and 

Drug Administration (FDA)-approved first-line systemic drug for advanced HCC, and Lenvatinib 

which was developed to combat Sorafenib resistance (21). They are both oral kinase inhibitors 

that target the vascular endothelial growth factor receptor (VEGFR)-family and platelet-derived 

growth factor receptor (PDGFR). Patients treated with either of these drugs have a median overall 

survival of 13.6 and 12.3 months, respectively (21). Various second-line treatments have been 

approved to treat advanced stage liver cancer which include Regorafenib, Nivolumab, 

Pembrolizumab, Cabozantinib, and Ramucirumab (21). Unfortunately, most cases of liver cancer 

are diagnosed at advanced or terminal stage with the only option of supportive care. Thus, there 

is a large need to develop technologies and assays that can detect early-stage cancer when the 

prognosis is favorable. Recently, our lab developed a viral exposure signature that could 
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accurately detect HCC in high-risk patients before a clinical diagnosis using a blood sample (22). 

This signature was much more specific and sensitive than the typical alpha-fetoprotein biomarker 

that is commonly used to survey liver cancer development. The findings of this study could provide 

a new screening tool to detect early-stage disease before a primary liver tumor becomes largely 

heterogeneous and unresponsive to treatment.  

 

1.2 Liver cancer heterogeneity 

Inter- vs. intratumor heterogeneity 

Tumor heterogeneity can be classified into two main types, inter- and intratumor heterogeneity. 

Intertumor heterogeneity is defined as diverse genotypic and phenotypic differences amongst 

different patients’ tumor and intratumor heterogeneity consists of differences found within each 

tumor (Figure 1B). With the development of single-cell omic technologies, extensive heterogeneity 

has been illustrated in primary liver cancers. Numerous studies have shown that there exist 

unique cell compositions found within each tumor such as different populations of nonmalignant 

cells including T cells, macrophages, dendritic cells, natural killer cells, endothelial cells, 

epithelium cells and various subclonal populations of malignant cells as well as extensive genetic, 

transcriptomic, and histopathological heterogeneity (23-28).  

 

Models of tumor heterogeneity 

To better understand how tumor heterogeneity develops, it is important to consider the different 

models proposed—the clonal evolution model (stochastic) and cancer stem cell model 

(hierarchical) (Figure 1C). The clonal evolution model, first defined by Peter Nowell in 1976, 

proposes that a cancer cell originates from one clone and through multiple rounds of replication 

and division in which new mutations can arise leads to new clonal variants that can form a solid 

tumor (29). Recent studies have illustrated the clonal evolution of liver cancer based on single-

cell mutational profiles. For example, Su et al. investigated the association between genetic and 
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phenotypic heterogeneity by dissecting the single-variant clonal structure of five HCC patients 

(30). Here, they found a common clonal origin but independent evolutionary patterns amongst 

different tumor samples and that this unique inter- and intratumor genetic heterogeneity was 

paralleled with phenotypic heterogeneity based on differential clustering of cells obtained from 

single-cell RNA sequencing (30).  

 

The plasticity of cancer cells can also be understood through the cancer stem cell hypothesis, in 

which differences in tumor cells can be linked to their differentiation stage (Figure 1C). This model 

suggests that there is a certain population of cells with indefinite self-renewal capabilities are 

organized in a hierarchical manner pertinent to the stage of differentiation (31). Intra-tumor 

heterogeneity and cancer stem cells (CSCs) are not mutually exclusive events as research has 

shown that there exists genetic heterogeneity in populations of cancer stem cells. More 

specifically, Zheng et al. found heterogeneous expression of CSCs in two HCC cancer cell lines 

at the single-cell level and that CSC-marker expression associated genes (CD133, CD24, and 

EpCAM) correlated with HCC prognosis (32). These findings indicate that unique populations of 

CSCs in HCC may contribute to the biological and transcriptomic heterogeneity of cancer cells 

within a liver. Furthermore, Ho et al. delineated through single-cell RNAseq of an HCC PDTX 

(patient-derived tumor xenograft) model rare populations of EpCAM+ cells as contributing to the 

upregulation of several oncogenes and a unique subclonal population of CD24+/CD44+ cells 

within the EpCAM+ cells (33). Likewise, intratumoral EpCAM+ cancer stem cell heterogeneity 

within HCC nodules was found to be associated with a higher risk of tumor recurrence nodules 

(34).                                                          

 

Tools to investigate tumor heterogeneity 

With the recent explosion over the past decade in single-cell technologies, such as single-cell 

RNAseq, single-cell ATACseq (assay for transposase accessible chromatin), and single-cell 
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multiplex immunofluorescence assays, the field has made great progress in identifying unique 

cell types, stromal composition, and understanding of the spatial context of liver tumors (Figure 

2). One of the first single-cell RNAseq studies to investigate the cellular landscape of HCC tumors 

was a study that found distinct subpopulations of T cells, Tregs and exhausted CD8 T cells, to be 

enriched and that Layilin (LAYN) was linked to the suppressive function of these immune cells in 

the tumor (23). Additionally, single-cell transcriptomics uncovered stem cell specific 

subpopulations within HCC patients, in particular CD24+/CD44+ enriched cells within EpCAM+ 

cells and that the Cathepsin E (CTSE) gene, contributed to this enrichment (33). Moreover, Ma 

et al. discovered tumor cell biodiversity drives microenvironmental reprogramming in 

hepatocellular and cholangiocarcinoma patients and that high diverse tumors led to worse patient 

outcomes (24). Furthermore, in HBV-associated human hepatocellular carcinoma patients, Ho et 

al. found that tumor associated macrophages (TAMs) reduce tumor T cell infiltration and that 

specifically the interaction between T cell Immunoglobulin and ITIM domain-Nectin Cell Adhesion 

Molecule 2 (TIGIT-NECTIN2) regulates this immunosuppressive environment (35). The utility of 

single-cell RNAseq has allowed for monumental discoveries of unique and previously unknown 

cellular subtypes that has provided new insights into liver cancer biology and mechanisms of 

therapeutic resistance.   

 

A relatively new emerging technology, single-cell ATACseq, has garnered interest in the liver 

cancer field to further investigate the chromatin landscape of primary liver cancers and decipher 

further mechanisms of tumor heterogeneity. The quantity of studies investigating the chromatin 

landscape of tumor samples from liver cancer patients is limited due to its recent development 

and optimization; however, there are studies which have utilized HCC cell lines. For example, 

Wang et al. conducted single-cell ATACseq in five HCC cell lines to determine whether there were 

chromatin regions of accessibility that were specifically remodeled towards epithelial- 
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Figure 2. Single-cell methodologies to investigate tumor heterogeneity. Top panel: 

single-cell RNAseq; middle panel: single-cell ATACseq; bottom panel: single-cell 

multiplex immunofluorescence. 
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mesenchymal transition (EMT). They found that CDH1 was more open and contained higher gene 

activity in Huh7 and HepG2 cells (36). 

 

Lastly, there has been great progress made in assays and technologies that can investigate 

single-cell level immunofluorescence detection of numerous genes and/or proteins and their 

spatial relationships to one another. For example, a few of the available commercial assays 

include RNAScope®, a multiplex in situ hybridization by Advanced Cell Diagnostics (37), CO-

Detection by IndEXing (CODEX) of proteins by Akoya Biosciences (38), GeoMx Digital Spatial 

Profiler (DSP) by Nanostring to measure mRNA and protein (39), and 10X Genomics Visium of 

spatial transcriptomics (40). A further look into these assays was nicely summarized in a recent 

Nature Methods Review (41) and studies utilizing these technologies to decipher liver tumor 

heterogeneity is detailed in the next section of this chapter. With all these single-cell technological 

advancements, understanding the causes and mechanisms of liver cancer heterogeneity can be 

further achieved.  

 

Causes and drivers of tumor heterogeneity  

Tumor heterogeneity can arise from genomic and non-genomic mechanisms, stem cell 

influences, and microenvironmental causes that can all lead to functional heterogeneity which is 

defined as any prosurvival adaptability that cancer cells undergo to maintain their continued 

replicative and plastic functions (42, 43). Over the past few decades, research has focused on 

identifying targetable causes of tumor heterogeneity to reduce the burden of cancer progression 

and metastasis. However, in liver cancer, known drivers are limited which can be attributed to the 

fact that most liver cancer patients are diagnosed at late stages where the tumor has progressed, 

and the diversity of cancer clones is at its maximum. Currently, there is evidence of some drivers 

of tumor heterogeneity in liver cancer which include mutations, genomic instability, the SPP1 

gene, and cell death.  
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Mutational landscape 

The mutational burden of tumors has long been associated with tumor heterogeneity. Tumors 

with higher levels of tumor heterogeneity have been found to have more mutations in tumor 

suppressor genes and oncogenes compared to tumors with a lower degree of heterogeneity (44). 

The most common mutated genes in liver cancer include TP53, CTNNB1, ARID1A, ARID2, 

AXIN1, PRS6KA3, VCAM1, CDK14, TERT, MLL4, and CCNE1 (45). Interestingly, liver cancer 

has a broad variety of apparent mutations and limited number of encompassing mutations, 

making identifying therapeutic targets challenging. Liver intratumor heterogeneity can be attested 

from the diverse mutations found in tumors as well as the distribution of expression. For example, 

An et al. found that TP53 and ß-catenin mutated HCC tumors displayed a heterogenous 

distribution of expression and differentiation within the tumor using histological approaches (46). 

Another study found intratumoral HCC heterogeneity of mutations within the TP53, CTNNB1, and 

TERT genes using circulating tumor DNA (47).  

 

Genomic instability 

A key regulator of initiating tumor cell diversity is genomic instability. Genomic instability is defined 

as various structural variations in chromosomes that results in increased number of 

chromosomes, base pair mutations, or microsatellite instability (MSI) (48). The causes explaining 

these instabilities have been linked to mutations that cause loss of gene functions that are 

essential to maintain proper cellular homeostasis and oncogenic induced DNA replication stress. 

The loss of gene function can lead to a mutator phenotype in which genes that are imperative for 

DNA repair are mutated and can cause genomic instability, resulting in tumor formation (49). 

Moreover, the oncogene induced DNA replication model promotes genomic instability through 

DNA replication stress originating from a high proliferative index. This mechanism supports the 

idea that an oncogene induces instability and tumor development. Thus, the genetically unstable 

repertoire of tumor cells allows for them to selectively bypass key intracellular signaling such as 
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cell cycle arrest, apoptosis, and immunosurveillance to promote a survival advantage and lead to 

the emergence of new subclonal populations and potential for increased heterogeneity.  

 

In liver cancer, genomic instability has been found to be caused by mutations, epigenetic 

dysregulation, or HBV/HCV infection. Studies have shown that viral infections can promote 

genomic instability by disrupting mitotic regulator proteins, integrating into various sites of the 

human genome, and inducing chronic inflammation in the liver (50, 51). Further instability found 

within the chromosome has been linked to aberrant epigenetic changes such as abnormal DNA 

methylation found within specific genes such as Ras association RalGDS/AF-6 domain family 

member 1 (RASSF1), Insulin-like growth factor 2 (IGF-2), and Adenomatous polyposis coli (APC) 

and were associated with poor survival in HCC patients (52).  

 

SPP1 

Recently, our lab uncovered secreted phosphoprotein 1 (SPP1) as a potential modulator of 

tumor heterogeneity in primary liver cancers. This study utilized pre- and post-treatment 

immunotherapy samples obtained from HCC and CCA patients (53). Single-cell RNAseq 

analysis revealed a unique repertoire of malignant and nonmalignant cell types with diverse 

functional subclonal populations. Further analysis revealed SPP1 expression strongly 

associated with tumor cell evolution and microenvironmental reprogramming.  In particular, 

SPP1 expression was elevated in patients with a greater number of functional clones and in 

post-treatment samples that contained higher diversity. Interestingly, patients who responded to 

immunotherapy had lower levels of SPP1. These findings are not surprising as SPP1 which 

encodes osteopontin (OPN), an extracellular structural protein, and has been found to be 

associated with the progression of multiple cancer types such as breast, lung, colon, gastric, 

ovarian, and liver cancer (54-59). Plausible mechanisms of OPN-induced carcinogenesis 

include polarization of macrophages to M2 tumor associated macrophages (TAMs) and 
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interaction with vascular endothelial growth factor (VEGF) (59, 60). Moreover, through analyzing 

the evolutionary trajectories of functional clones (determined based on transcriptomic clusters) 

within a case in response to treatment, we found that tumor cells are more plastic than 

expected, where SPP1, is a major factor in driving tumor evolution (53, 61). Furthermore, 

SPP1 was identified as a major factor in reprogramming T cells through binding to CD44, a 

receptor universally expressed on T cells. Along with SPP1, VEGF was found to be responsible 

for reprogramming of TAMs and TECs by tumor cells (Figure 3) (24, 53, 61). 

 

Cell death  

The main hypothesis of this thesis is to investigate the role of cancer cell death in promoting tumor 

heterogeneity. The remaining chapters will highlight the findings I have discovered with the hope 

of providing new insights into liver cancer heterogeneity.  

 

Functional Implications of tumor heterogeneity 

To maintain their survival, cancer cells will undergo various methods of adaption to proliferate, 

evolve, and resist drug intervention in a specified microenvironment linked to a particular etiology 

as seen in liver cancer. We previously defined this as “functional heterogeneity,” in which genomic 

and nongenomic heterogeneity, stemness heterogeneity, and microenvironmental heterogeneity 

are all associated with the functional causes of diversity within a liver tumor (62). For example, 

scRNAseq analysis revealed the functional (increased transcription) and inflammatory role of 

SLC40A1 and GPNMB in infiltrating TAMs within HCC patients that led to poor prognosis (63). 

Moreover, Marzioni et al. investigated the functional heterogeneity of cholangiocytes and found 

unique morphological differences within small and large intrahepatic ducts, differential secretion 

in response to hormones, bile acids, and peptides, and a proliferative repertoire in response to 

injury or toxicity, which together may contribute to the extensive heterogeneity seen in  
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Figure 3. Tumor cell biodiversity and microenvironmental reprogramming. Compared with 

low-diversity tumor, tumor with a high-degree of biodiversity has an increased expression of 

VEGF and SPP1. SPP1 from tumor cells may drive tumor evolution. Meanwhile, it may interact 

with T cells by binding to CD44. VEGF from tumor cells may drive the reprogramming of TAMs, 

and CAFs and TECs may also promote angiogenesis. These features of high-diversity tumor 

may create a strong fitness advantage to the TMEs. CAFs, cancer-associated fibroblasts; 

TAMs, tumor-associated macrophages; TECs, tumor-associated endothelial cells; TMEs, tumor 

microenvironments; VEGF, vascular endothelial growth factor. 
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cholangiocarcinoma (64). Swon et al. found that higher levels of functional genomic complexity, 

which was defined as the degree of molecular heterogeneity between HCC and CCA tumors, to 

be associated with TP53 mutations, chromosome instability, and worse overall patient survival 

(65). Lastly, Payen et al. found diverse subpopulations of cells, specifically GPC3+ and DBH+ 

hepatic stellate cells, within the extracellular matrix of parenchymal and non-parenchymal liver 

cells that contribute to its production and organization (66). Together, the findings presented 

above highlight the unique and complex composition of the human liver and how these high levels 

of heterogeneity can ultimately make primary liver tumors difficult to treat.  

 

Microenvironmental influences on tumor heterogeneity 

The tumor microenvironment plays a substantial role in promoting a heterogeneous population of 

surrounding stromal cells, macrophages, and epithelial cells as well as remodeling of the 

extracellular matrix (ECM). Microenvironmental changes can shape the tumor cell phenotype 

through inducing cellular stress responses and promoting genomic instability. Various 

mathematical modeling has shown that heterogeneity in the tumor microenvironment may lead to 

the selection of more aggressive clonal phenotypes (67). Tumor cells and its surrounding 

environments undergo diverse physiological processes that can lead to heterogeneity such as 

differences in vasculature and hypoxic regions causing inconsistencies in blood flow and oxygen 

consumption over time. More specifically, these dynamic processes can vary within the same 

tumor as certain cells may become more hypoxic than others as well as obtain a greater potential 

to metastasize through increased vascularization. Hence, it is difficult to account for and measure 

the magnitude of these variations as cancer cells and the surrounding tissue adapt consistently 

over time.  

 

In liver cancer, the tumor microenvironment plays a critical role in its survival and progression. 

Liver cancer stroma consists mainly of three main subclasses of cells: cancer-associated 
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fibroblasts (CAFs), immune and inflammatory cells, and angiogenic cells (68). Crosstalk between 

stromal and tumor cells allows for tumor cell proliferation, migration, invasion and promotes an 

immunosuppressive microenvironment. We have shown that tumor heterogeneity can reprogram 

the tumor microenvironment by interacting with VEGF to worsen patient outcomes in both HCC 

and CCA (24). Interestingly, Zhang et al. found that when immune cells in the microenvironment 

are clustered, three unique HCC subtypes were identified with immunosuppressive, 

immunodeficient, and immunocompetent characteristics and distinctive chemokine/cytokine 

compositions and cellular metabolism of tumor cells (69). Furthermore, a high degree of 

heterogeneity within the immune microenvironment was found to be associated with worse clinical 

outcome in HCC patients and this degree of immune heterogeneity was correlated with tumor 

transcriptomic heterogeneity (70). Specifically, tumors with high levels of immune intratumor 

heterogeneity were found to be significantly enriched with immunosuppressive and exhausted 

GB-inactive memory CD4+ T cells, regulatory T cells (Tregs), and Tim-3+ and PD-1+GB- 

exhausted CD8+ T cells (70). Lastly, CAFs one of the main subtypes of cells in the 

microenvironment, contain a heterogeneous mixture of different cell types such as endothelial 

cells, vascular smooth muscle cells, pericytes, and cancer cells that have undergone EMT, which 

together can fuel a tumor population with a high degree of heterogeneity and resistance to 

targeted therapy. In liver cancer, one source of CAFs is hepatic stellate cells, which is one major 

contributer of causing liver fibrosis and can ultimately lead to a mixture of heterogeneous cell 

types within the liver (71).  

 

Clinical ramifications of tumor heterogeneity 

The magnitude of phenotypic heterogeneity can be clinically relevant. Multiple studies have noted 

that a large amount of intra-tumor heterogeneity is correlated with a worse overall survival in liver 

cancer patients (24, 53, 65, 70, 72). Reasons for these poor prognoses may be due to how clonal 

diversity drives therapeutic relapse as each tumor cell has a unique signature that allows it to 
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either respond to or resist cancer therapy. This response can also vary over time with treatment 

as in some cases therapy can eliminate a certain population of cells while others are able to 

overcome the cellular stresses of cell death and maintain proliferative activity. Tumor 

heterogeneity can also change during cancer therapy by cancer cells adapting to resistance 

mechanisms. Determining why these cells become resistant and at what point during treatment 

they become resistant compared to its neighboring ones has been difficult to assess. Another 

potential pitfall of cancer therapy is that it introduces greater genomic instability through promoting 

cell death and yet the cells that survive have evolved to with an increased level of cellular genetic 

fitness and diversity (73). This increased genetic fitness through a selective pressure obtained 

during therapy gives rise to a multitude of gene expression signatures within individual tumor cells 

(74). Thus, it is nearly impossible for one standard therapy to successfully treat the diverse 

population of tumor cells. 

 

1.3 Spatial architecture and tumor heterogeneity 

The need to understand the spatial architecture of tumors  

Every day we witness various observations of spatial organization that create positive or effective 

behaviors in humans, animals, microorganisms, and systems. For example, birds fly in a specific 

V formation that best suits their needs of travel in an efficient manner that conserves their energy 

by reducing wind resistance. Moreover, higher order spatial organization is illustrated in every 

system of the body such as how atriums of the heart are organized to perform the most optimal 

cardiac output, the gastrointestinal tract is specifically ordered by organ function to digest 

nutrients, absorb energy, and expel waste, and spinal nerves are coordinately innervated regions 

of the spine to create movement in our everyday lives. These sophisticated elements of the human 

body have evolved from the early stages of development into complex and intricately spaced 

organ systems to maintain human life and survival. What if cancer cells adapted these same 

principles of higher order spatial organization to orchestrate a mimicry of the human body system 
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to maintain their own life? How can we go about understanding how tumor evolution and its 

destruction inside a human body is a spatially orchestrated phenomenon? 

 

There is no doubt that spatial organization is a vital component to achieve an effective result or 

behavior in a variety of diverse experiences. The same can be said about cancer in which tumor 

cells will organize themselves in a particular manner to maintain their longevity and survival. Over 

the past few years, growing interest in dissecting the spatial context of tumors has emerged but 

deciphering what these new observations means towards our understanding of cancer 

development, creation of therapeutics, and treating cancer patients remains largely unclear. We 

have yet to leverage the spatial biology and information garnered from omic technologies into 

making meaningful conclusions of how the spatial architecture of tumors can influence tumor 

development, heterogeneity, survival, and patients’ response to therapy.  

 

Spatial organization dictates functional heterogeneity 

The functional intricacies of tumor heterogeneity can also be related to the spatial organization of 

cells within a tumor population. Cancer is a disease in which its growth and survival is perpetrated 

by the space it is given. Macroscopically, in solid cancers, the tumor resides in an organ which is 

best fit to maintain its life and microscopically, different cell types are uniquely organized to work 

together to fuel an environment for carcinogenesis to occur. This is similar to a key biological 

principle that is evident in our everyday lives such as the concept that structure determines 

function, meaning the way something is organized and arranged allows for its role or purpose to 

be fulfilled. These structure-function relationships are a result of natural selection in which the 

most suitable and advantageous relationships are preserved and passed on to future generations. 

It may be assumed that because tumors are largely heterogeneous and diverse, their organization 

is therefore random and chaotic. However, this naïve thinking is nonetheless simple and primitive. 

Tumors are highly evolved structures that are intricately and selectively designed to maintain their 
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survival and destroy any potential threat towards their existence. Thus, understanding how 

individual cells (malignant and nonmalignant) within a tumor communicate with one another and 

their microenvironment in order to survive is imperative to unravel (Figure 4A). One way to better 

comprehend these relationships is through the spatial context of all cell types in a tumor. For 

example, are cancer clones organized in convergent or divergent patterns as illustrated in Figure 

4B? If so, why and how do these relationships influence therapy response? With information like 

this, we can design better therapeutic options that limits cell-to-cell communication which could 

lead to the destruction of highly organized tumors. 

 

Leveraging spatial techniques to better understand liver cancer heterogeneity 

Recent studies utilizing spatial omic technologies in liver cancer have begun to dissect the 

meaning between how tumor cells organize and contribute to treatment failure. In particular, Wu 

et al. conducted a spatial transcriptomic study of normal to leading-edge to tumor regions of HCC 

and found that the tumor capsule within the tumor microenvironment contributes to intratumor 

spatial cluster continuity, transcriptome diversity, and differential immune cell infiltration (75). 

More specifically, the cells found within the tumor capsule, mainly fibroblasts and endothelial cells, 

act as a barrier in preventing immune cells from infiltrating, which has been observed previously 

(76). Furthermore, another study investigated the spatial context of the tumor and immune 

microenvironment within HCC patients and found three unique histological subtypes that exhibited 

distinct nuclear features and diverse spatial distribution and relation between tumor cells and 

infiltrating lymphocytes (77). These three histological subtypes were further associated with 

somatic genomic alterations in the context of aneuploidy, specific molecular pathways such as 

oxidative phosphorylation and cell cycle progression, and more importantly, independent 

prognostic differences with subtype two and three having statistically significant worse prognosis 

compared to subtype one (77). Lastly, a HCC proteomic spatial analysis study demonstrated 

intratumoral proteomic heterogeneity and abundance with differentially expressed proteins  
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Figure 4. Understanding the spatial interactions between and organization of cancer 

clones may lead to new discoveries of liver tumor biology. 

(A) The interactions between different cells and their distance to one another and its surrounding 

tumor microenvironment may fuel tumors to become more heterogeneous and less responsive to 

treatment.   

(B) Understanding convergent vs divergent spatial patterns of cancer clones can provide key 

insights on how tumors organize and respond to targeted therapy. 
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(SerpinB3 and SerpinB4) at the center and periphery of the same tumor, further supporting 

spatially distinct metabolic and functional heterogeneity of liver cancer cells (78). The findings of 

these studies highlight the importance of incorporating spatial information into deciphering causes 

of liver carcinogenesis and identify better biomarkers for clinical detection and management of 

patients’ care.  

 

Computational methods for downstream spatial analysis 

Interpreting the functional relevance and clinical implications of the spatial relationships between 

cells presents a new challenge in our understanding of tumor biology. Currently, publications 

incorporating the transcriptomic and genomic profiles of cells with its spatial context has been 

limited in addressing what the functional meaning is behind why malignant and nonmalignant cells 

organize the way they do to fulfill their role in tumor progression and metastasis. These studies 

have been primarily observational and touch the surface, however future studies can dive deeper 

into these relationships with the advancement of pathology software and computational modeling. 

For example, HALO software by Indica Labs has revolutionized pathology analysis at the single-

cell level. Their software platform can measure the expression of stained markers, identify unique 

subclasses of cells, perform spatial analysis, and conduct artificial intelligence and deep learning 

analysis. Moreover, the CODEX ® Multiplex Analysis Viewer by Akoya Biosciences analyzes 

cellular segmentation and expression to identify unique cellular neighborhoods by pairwise cell 

proximity analysis. The data generated from these software and further downstream analysis 

using computer programming can lead to new insights into understanding the spatial biology of 

liver tumors.  

 

The interplay between spatial biology and therapeutic development 

Perturbing the life of any unicellular or multicellular organism creates the potential to influence 

their surrounding environment. That is why it is essential to not only investigate how to destroy 
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cancer cells, but also what happens to its surrounding environment. These events are not 

mutually exclusive and as evidenced by the complexity of treating cancer, actually work together 

to maintain the survival and fitness of cancer clones. To do this, it is important to combine single-

cell genomics and transcriptomics with the spatial relationships of each individual cell to better 

understand tumor cell organization. If we can begin to understand the spatial dynamics of a tumor 

and address key questions on how each cell coordinates with one another and their environment 

(Figure 5), then we can therapeutically target the strongest cell-to-cell relationships. With the 

knowledge we have gathered from the numerous advancements made in single-cell omics 

studies, it is evident that cancer cells do not work alone but in a coordinated effort with each other 

and their environment. 

 

1.4 Concluding remarks and future perspectives 

In this chapter, we discussed the latest research in identifying the functional implications of liver 

cancer heterogeneity with insights into its causes, drivers, clinical influence, and spatial 

architecture. Liver cancer heterogeneity can be classified as one of the greatest challenges of 

combating tumor development and therapy resistance. With the incidence and mortality rate of 

liver cancer on the continual rise within the United States and across the world, it is imperative to 

identify ways to mitigate the heterogeneity of liver tumors and develop therapeutic options that 

will be more successful in prolonging patients’ lives. It is no secret that the extensive heterogeneity 

present in liver cancer patients makes identifying therapeutic targets challenging. However, with  

the recent advancement in single-cell technologies that have led to a deeper understanding of 

the unique cell types, functions, and spatial organization of liver cancer cells, we are making 

substantial progress in understanding the etiology, development, and progression of this 

disease. These efforts have allowed for the discovery of unique subtypes of immune, cancer 

stem cells, epithelial, progenitor, and hepatic cells and how they contribute to the tumor 

microenvironment and survival of liver tumor cells. With these findings and new discoveries on  
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Figure 5. Key questions to address in the future regarding the spatial biology of liver 

tumors.  
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the horizon, greater insights in the causes and functional intricacies of liver cancer 

heterogeneity can be made to help save patient lives.  

 

1.5 Research goals, hypothesis, and specific aims 

Liver cancer heterogeneity is a significant and complex challenge towards identifying targetable 

mechanisms of carcinogenesis. The rationale for undertaking this thesis is to further our 

understanding on drivers of tumor heterogeneity so that one day we can therapeutically exploit 

this phenomenon. Thus, I hypothesize that levels of cell death in a given tumor cell 

community determines the degree of cancer cell heterogeneity, which is linked to its 

fitness and aggressiveness. Chapter 3 will investigate computationally whether increasing 

levels of cell death via apoptosis leads to increased tumor diversity using single-cell RNA-seq 

data. Chapter 4 will validate whether higher levels of apoptosis leads to greater tumor 

heterogeneity using tissue microarrays from liver cancer patients. Lastly, chapter 6, which 

consists of ongoing work that is currently investigating how the apoptotic spatial environment 

influences the surrounding immune microenvironment to promote tumor diversity using a highly-

multiplexed immunofluorescence assay.  

 

  



 27 

CHAPTER 2:  

METHODS 

 

2.1 Computation of apoptotic index 

We analyzed publicly available human primary solid tumor single cell transcriptome data derived 

from astrocytoma (79), head and neck cancer (80), oligodendroglioma (81), melanoma (82), 

colorectal cancer (83), breast cancer (84), and liver cancer (24). We also included single cell 

transcriptome data from liquid cancers including chronic myeloid leukemia (85) and acute myeloid 

leukemia (86). To quantify the levels of apoptotic potential in each tumor population (i.e. individual 

tumor sample from a patient), we used the Applied Biosystems TaqMan Human Apoptosis gene 

panel consisting of 92 genes involved in the initiation and execution of programed cell death as 

surrogates for apoptotic potentials. The list of apoptotic genes was used as the input for a non-

parametric gene-set enrichment method (Gene Set Variation Analysis-GSVA) (87). Briefly, GSVA 

calculates enrichment scores of all samples on a specific gene set, where the null hypothesis of 

a gene set being enriched is contained within the gene set of interest (hence self-contained 

method). In our case, single cells in each patient’s tumor population are treated as discrete 

samples in a normal GSVA run and the self-contained null hypothesis property of the method is 

suitable to our purpose of calculating apoptotic potential of a tumor population. For this purpose, 

we have devised an apoptotic index (AI), which is defined as:  

𝐴𝐼! =
∑ 𝑔𝑠𝑣𝑎" > 1#

𝑛  

where AIT is the apoptotic index of a tumor population T, gsvai is GSVA score of cell I in the tumor 

population T based on the apoptosis panel, and n is the total number of single cells in the tumor 

population T. In this equation, we defined the cells with GSVA enrichment scores of more than 

one as having apoptotic potentials and disregarded the cells with score of less than one. We also 
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divided the sum of GSVA scores to correct for different numbers of cells between tumor masses 

being compared. A summary of the datasets used are provided in Table 1.  

 

2.2 Computation of tumor Shannon entropy index 

To measure diversity in a tumor population, a Tumor Shannon Entropy Index (TSEI) was 

established. The idea behind this TSEI is that the more aggressive tumor populations (i.e. more 

population diversity) should also contain higher entropy. For this purpose, we utilized the gene 

expression at the single cell level to quantify the tumor population diversity. TSEI is defined as:  

𝐻! = −
∑ 𝑝"$ ∗ log3𝑝"$4#

𝑛 ; 

𝑝"$ =
𝑔"$

max	(𝑔$)
 

where HT is Tumor Shannon Entropy Index, pij is the ratio of gene j of cell I and its maximum 

value, gij is expression value gene j in cell I, max(gj) is the maximum expression value of gene j 

in the tumor population T, and n is the total number of genes detected in the tumor population T. 

We defined these measures simply with the goal of pan-cancer, cross-platform comparison in 

mind. To ascertain that the AI and TSEI of tumor populations are reliably calculated and are not 

influenced by only the cells that have unusually high GSVA scores or high tumor entropies, we 

excluded the tumors that have less than 50 cells. 

 

2.3 BrB array tools survival risk predication and hazard ratio calculation 

For survival analysis I used the survival risk prediction function in BRB-ArrayTools (a plug-in tool 

for Microsoft Excel that assesses whether the association of expression data with survival data is 

statistically significant) and imported the data into Prism 7 to compute a hazard ratio. Briefly, 

TCGA data was downloaded from xenabrowser.net and each cancer type was made into a 

retrospective format to be imported into Brb Array Tools. The same 92 genes that were used  
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Table 1. Summary of single cell transcriptome data used to quantify an apoptotic index 

and tumor Shannon entropy index. 

  

Accession # Dataset 
Name Cancer Type # of 

Patients

# of samples 
included (# single 
cells > 50/sample)

Total # of 
Cells Present

Sequencing 
Method

Association 
Value (R2)

p-value

GSE89567 AST Astrocytoma 16 10 14,226 Smart-seq2 0.163 0.247

GSE103322 HNSCC Head and Neck Squamous Cell 
Carcinoma 18 21 5,901 Smart-seq2 0.132 0.115

GSE70630 ODG Oligodendroglioma 6 6 4,825 Smart-seq2 0.350 0.216

GSE72056 Melanoma Melanoma 11 19 4,645 Smart-seq2 0.164 0.0859

GSE81861 CRC Colorectal cancer 11 11 1,591 SMARTer - -

GSE75688 BC Breast Cancer 11 6 - SMARTer 0.695 0.0392

GSE125449 PLC Primary Liver Cancer 20 11 5,155 10X GemCode 0.725 0.0009

GSE116256 AML Acute Myeloid Leukemia 27 27 3,799 Smart-seq2 0.0184 0.385

GSE76312 CML Chronic Myeloid Leukemia 20 19 2,070 Smart-seq2 0.109 0.155
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above to calculate the apoptotic index was used as the apoptotic signature for survival analyses. 

The survival risk prediction function of Brb Array stratifies patients into survival risk groups using 

a supervised principal component method of gene expression data and computes a prognostic 

index for each patient based on the imported genes (88). A summary of the datasets used are 

provided in Table 2. 

 

2.4 Cohorts and clinical specimens 

The data for the Liver Cancer Institute (LCI) was publicly downloaded from the Gene Expression 

Omnibus (GSE14520) (89). The Cancer Genome Atlas Liver Hepatocellular Carcinoma (TCGA-

LIHC) dataset was downloaded from Xenabrowser (https://tcga.xenahubs.net). The expression 

data for the Thailand Initiative in Genomics and Expression Research for Liver Cancer (TIGER-

LC) is publicly available through from the Gene Expression Omnibus (GSE76297) (3). The single-

cell RNAseq data is publicly available through from the Gene Expression Omnibus (GSE125449) 

(24). For the in situ hybridization staining using RNAScope, all hepatocellular carcinoma patients 

from TIGER-LC were included and a subset of the highest quality samples from the LCI HCC 

patients were selected for the tissue microarrays. A summary of the patient characteristics for 

both cohorts can be found in Table 3. LCI tumor samples, which were diagnosed with HCC from 

two independent pathologists, were obtained from patients (n=247) with written consent and who 

had undergone a radical resection between 2002-2003. The study was approved by the 

institutional review board at the Liver Cancer Institute and Zhongshan Hospital in Shanghai, 

China. For the TIGER-LC cohort, patients were recruited with consent from participating centers 

in Thailand with a total of 69 HCC patients whose tumor diagnosis was confirmed by a local 

hospital pathologist as well as a surgical pathologist in the U.S. The study was approved by the 

institutional review board of Chulabhorn Hospital. Similarities between both cohorts include 

consisting mostly of male patients, a high degree of HBV infected individuals, and a mix of 

different stage tumors (I-IV). Differences include the geography of samples collected with LCI 
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coming from China and TIGER-LC originating from Thailand, a higher number of patients in the 

LCI cohort vs. TIGER-LC, a higher proportion of individuals aged 50 and older in TIGER-LC, and 

a greater percentage of HCV infected individuals in TIGER-LC.  

 

2.5 Selection of cell death and heterogeneity markers to be used for in situ hybridization 

To determine whether the level of cell death and tumor heterogeneity at the single cell level 

correlates with patient outcome in liver cancer patients, selection of markers for staining is needed 

(three total as this is the limit for the multiplex RNAScope assay). For a cell death marker, caspase 

3 (CASP3) was selected as this gene is expressed in late-stage apoptosis when the cell has been 

committed to die. In order to select for markers of heterogeneity (I defined heterogeneity markers 

as genes that are tumor specific and highly variable), first, differential gene expression between 

nontumor (NT) and tumor (T) was conducted on two independent liver cancer cohorts LCI and 

TCGA-LIHC using Brb Array Tools (90). The purpose of using these two bulk transcriptome 

datasets was the power of each cohort (large sample size) and to identify tumor specific genes at 

the intertumoral heterogeneity level. The top upregulated genes (fold change ≥  1.5) were 

selected amongst both cohorts and the overlapping genes (557 genes) were further chosen to 

select for most highly variable genes in our liver cancer scRNA-seq cohort (24). Within this cohort, 

genes whose expression was <0.1 were eliminated from the list of 557 genes for each patient. 

Next, a dispersion score (DS) was calculated for each gene from each patient. DS is defined as: 

𝐷𝑆 = 	
𝜎!

𝜇
 

where 𝜎 is the standard deviation of each gene’s expression amongst each individual cell and 𝜇 

is the mean of each gene’s expression amongst each individual cell. The DS for each gene for 

each patient was then ranked high to low and genes with high DS that were present in at least 

one-third of patients were selected (15 total). These 15 genes were then cross verified with the 
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Table 2. Summary of bulk transcriptome data used to identify high vs. low risk patients 

under the 92-apoptosis gene signature. 

  

Data Source Dataset Name Abbreviation Tumor Type # of Patients
Hazard Ratio 

(95% CI) p-value

GSE14520 Liver Cancer Institute LCI Solid 241 2.33 (1.55-3.50) <0.0001

TCGA Liver Cancer LIHC Solid 250 2.28 (1.42-3.66) 0.0008

TCGA Colon and Rectal Cancer CRC Solid 365 2.08 (1.38-3.18) 0.0009

TCGA Colon Cancer COAD Solid 277 2.00 (1.24-3.22) 0.0047

TCGA Melanoma MEL Solid 461 1.95 (1.48-2.56) <0.0001

TCGA Lung Adenocarcinoma LUAD Solid 504 1.87 (1.40-2.50) <0.0001

TCGA Breast Cancer BRCA Solid 1080 1.40 (1.02-1.92) 0.0399

TCGA Head and Neck Cancer HNSC Solid 516 1.29 (0.99-1.67) 0.0616

TCGA Glioblastoma GBM Solid 152 1.27 (0.88-1.83) 0.1983

TCGA Acute Myeloid Leukemia AML Liquid 160 1.26 (0.84-1.90) 0.2655
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Table 3. Summary of patient cohorts used to select tumor and nontumor tissue core for a 

tissue microarray.  
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LCI and LIHC dataset to ensure they were also highly expressed and highly variable in tumor vs 

nontumor samples. Two genes were then selected to be markers of heterogeneity (CDKN3 and 

PRC1). A schematic of the workflow in selecting these markers to use for staining is summarized 

in Figure 8. 

 

2.6 Tissue microarrays and RNAScope in situ hybridization 

Tissue microarrays (TMAs) were constructed on 1.0 millimeter (mm) cores from formalin fixed, 

paraffin embedded (FFPE) tissue from our LCI and TIGER-LC cohorts. Matched tumor and 

nontumor tissue were used for each patient as well as internal control tissues mounted as TMAs 

using SuperfrostTM PLUS Slides (Thermo Fisher Scientific cat no. 5951PLUS). RNAScope 

staining was performed on 5	µm TMA sections using the multiplex v2 assay kit (Advanced Cell 

Diagnostics cat no. 323100). For each TMA, two extra sections were cut and mounted onto slides 

for positive and negative controls. Target probes were designed for the genes: CASP3, CDKN3 

and PRC1.  In addition, probe-Hs-PPIB (cat no. 313901, Advanced Cell Diagnostics) and probe-

dapB (cat no. 310043, Advanced Cell Diagnostics) were used as a positive and negative controls, 

respectively.  Briefly, FFPE sections were deparaffinized using Tissue-Tek® clearing agent 

dishes with fresh xylene and ethanol at varying concentrations. Five drops of RNAScope® 

Hydrogen Peroxide were added to each deparaffinized slide and incubated for 10 minutes at room 

temperature (RT) then removed followed by washing with distilled water. Slides were then placed 

into a glass cylinder containing 1X Target Retrieval at 99°C for 15 min then rinsed with distilled 

water and placed into 100% ethanol for three minutes followed by drying in the HybEZTM Oven at 

40°C (this temperature is kept constant for the remaining steps) for five minutes. Five drops of 

Protease Plus were added to each slide and placed back into the oven for 15 minutes then 

washed with distilled water. Target probes were warmed for 10 minutes at 40°C then mixed 

together and four drops were placed onto each slide. All slides were placed into the oven for two 
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hours then immediately washed with 1X Wash Buffer for two minutes at RT twice. Four drops of 

Amp 1 were added to all slides and placed in the oven for 30 minutes followed by washing. This 

step was repeated for Amp 2 and Amp 3. Opal fluorophores 520 (PerkinElmer cat no. 

FP1487001KT), 570 (cat no. FP1488001KT) and 590 (FP1497001KT) were each diluted 1:1000 

separately using DMSO. The HRP-C1 signal was developed by adding four drops of HRP-C1 to 

each slide, placed in the oven for 15 minutes and washed twice. The diluted Opal 520 solution 

was added to each slide (100 µL), incubated for 30 minutes in the oven and washed twice. Four 

drops of HRP blocker were added to each, incubated for 15 minutes and washed twice. The HRP-

C2 and HRP-C3 channel were developed as stated above. Vector TrueVIEW reagent (Vector® 

TrueVIEW Autofluorescence Quenching Kit cat no. SP-8400-15) was prepared according to 

manufacturer protocol and added to each slide to reduce autofluorescence of tissue staining. 

Slides were counterstained with DAPI and immediately mounted using Prolong Gold antifade 

mounting medium (ThermoFisher Scientific cat no. P36934). Slides were dried overnight and 

imaged the next day.  

 

2.7 TMA image acquisition and quantification using HALO 

Slides were imaged using Nikon SoRa super-resolution spinning disk microscope at 20X. All 

imaging settings were optimized to the negative control slides and z stacks were obtained to 

generate a maximum intensity z-projection for each slide. Slides were analyzed using Indica Labs’ 

pathology software HALO® Image Analysis Platform containing the TMA, Multiplex FISH and 

Spatial Modules. Single cell probe copies were quantified and proximity analysis of each target 

probe to one another was determined.  

 

2.8 Computing a diversity score (Shannon index) of the expression of heterogeneity 

markers, CDKN3 and PRC1  
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To determine the heterogeneity state of each tumor sample, CDKN3 and PRC1 were selected as 

surrogates for/to model heterogeneity based on the analysis described above. A Shannon Index 

(Hijt) was adapted from Janiszewska et al. and used to compute a diversity score for each patient 

sample:  

𝐻"#$ = −Σ	𝑝"#$ ∗ 𝑙𝑛𝑝"#$ 

where Hijt is the calculated Shannon Index, pij is the proportion of selected cell population I and 

the total number of cells j. Unique cell populations were determined by the proportions of cells 

that stained positive for either CDKN3, PRC1, or both as well as the degree of positivity. The 

degree of positivity was calculated based on creating a matrix of expression for each cell. Cells 

were stratified into groups based on whether the probe count for each gene totaled from 0-2, 2-

4, 4-6, 6-8 and 10-infinity creating 36 unique cell populations based on the degree of positivity of 

CDKN3+ cells, PRC1+ cells, dual positivity cells and dual negativity cells.  

 

2.9 Classification of apoptotic islands and Shannon entropy calculation 

To determine first whether there exists a collective density of CASP3+ (cells with >1 probe copy 

of CASP3 per cell was used as the cutoff) in regions of a tumor, density contour maps were 

generated using R studio which performs a 2D kernel density estimation at subsequent levels. 

From here, I selected the contour level/line that best reflected the true apoptotic island and 

determined the entropy of nearby cells using the entropy package from R studio. All CASP3 

negative cells were divided into short vs. long groups. This classification was determined by 

capturing cells within a distance of 100 arbitrary units using the spatial coordinate map for the 

short distance group. All other cells were classified outside of the distance of 100 were grouped 

as long distance.  

 

2.10 In vitro model of selective induction of cell death using CRISPR/Cas9 gene editing 
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Huh1 hepatocellular carcinoma cells were cultured in Dulbecco’s modified Eagles Medium (Life 

Technologies cat no. 11965118) supplemented with 10% tet-free FBS, penicillin, streptomycin, 

and L-glutamine. Huh1 cells were passaged up to 15x then discarded. Hep3B cells were cultured 

in Minimum Essential Medium (Life Technologies cat no. 11095080) supplemented with 10% tet-

free FBS, penicillin, L-glutamine, streptomycin, non-essential amino acids, and sodium pyruvate. 

pCW-Cas9 was a gift from Eric Lander & David Sabatini (Addgene plasmid #50661; 

http://n2t.net/addgene:50661; RRID:Addgene_50661). pLKO5.sgRNA.EFS.GFP was a gift from 

Benjamin Ebert (Addgene plasmid #57822;http://n2t.net/addgene:57822; RRID:Addgene_57822) 

(91, 92). Both plasmids were packaged using HEK293T cells and the Lenti-Pac HIV Expression 

Packaging Kit (cat no. LT001). MCL-1 sgRNA (sequence: GGAGCTGGACGGGTACGAGC) was 

cloned into the pLKO5.sgRNA.EFS.GFP backbone and validated using Sanger Sequencing. 

Lentiviral particles were generated and Huh1 cells were transduced with the pCW-Cas9 to create 

a stable Cas9 expressing cell line supplemented with 8µg/mL polybrene and incubated overnight 

following media change. Cells were selected using 2µg/mL puromycin for Huh1 or 1µg/mL 

puromycin for Hep3B for one week with media changes every 48hr and then single cells were 

passed into 96-well plates and clonal selection continued into further expansion. Single clones 

were screened via western blotting (as previously described) of Cas9 expression (Cas9: Cell 

Signaling Technology cat no. 14697S) to select the clone to use for further functional experiments 

(93). Various multiplicity of infections of the sgRNA lentivirus were optimized to ensure gene 

knockout and minimal off-target effects (MCL-1: Cell Signaling Technology cat no. 4572S). For 

therapy induction experiments, an IC50 was used for doxorubicin (Sigma cat no. D1515). For 

hypoxia conditions, cells were placed in a 37C chamber with 1% O2. Cell viability was assessed 

using Cell Titer Glo (Promega cat no. G7571). For 3D culture experiments previously described 

methods were used (94).  
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2.11 Plot generation and statistical analysis 

All packages were installed into R studio version 1.2.1335. Rain cloud plots were generated by 

using the tidyverse and cowplot packages. Violin and density plots were created using the ploty 

and ggplot2 packages. All statistical analysis was conducted in Prism version 8. Student’s t-test 

was used when applicable, survival analysis utilized log-rank p-value, and p-values<0.05 were 

considered statistically significant.  

 

2.12 Construction of tissue microarrays and coverslip preparation for CODEX 

Tissue microarrays (TMAs) were constructed on 1.0 millimeter (mm) cores from formalin fixed, 

paraffin embedded (FFPE) tissue from our LCI and TIGER-LC cohorts. TMA sections were cut 

at a width of 5	µm and mounted onto poly-L-lysine coated coverslips (Akoya Biosciences cat no. 

7000005).  

 

2.13 Selection of Target Panel for CODEX Staining 

Markers that were selected for staining consisted of a set of commercial available targets from 

Akoya Biosciences that were validated and quality control tested. An additional five custom 

targets were added, and these were validated individually by single staining. A summary of all 

markers used and their description can be found in Table 4. The total number of markers 

selected was 21 with Hoechst staining used as the nuclear control. A summary of each 

antibody’s manufacturer, catalog number, and clone identification can be found in Table 5.  

 

2.14 Creation of CODEX DNA-conjugated antibodies 

Conjugation of antibodies was performed using the CODEX® Conjugation Kit (Akoya 

Biosciences PN# 7000009). Individual barcodes for each antibody were assigned. Low 

abundance antigens were assigned to the low autofluorescence channel, Cy5, and high 

abundance antigens were assigned to ATTO550 and AF750. A 50kDa MWCO filter was labeled  
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Table 4. Description of markers used for CODEX staining 

  

# Target Name Category Alias Marker of Function

1 β-catenin Beta-catenin Oncogene Catenin Beta 1 
(CTNNB1) Oncogene Involved in regulating cell-cell adhesion and gene 

transcription

2 CASP3 Caspase 3 Apoptosis - Cell death Involved in the execution-phase of apoptosis

3 CCASP3 Cleaved caspase 3 Apoptosis - Cell death Is considered the cleaved form of CASP3; 
considered the activated form of apoptosis

4 CD11c
Complement 
component 3 

receptor 4 subunit
Immune Integrin, alpha X 

(ITGAX) Dendritic cells (DCs)
DCs bridge innate and adpative immunity and by 

modulating T cell, B cell, and 
monocyte/macrophage function

5 CD163 Cluster of 
differentiation 163 Immune M130 Macrophage/ 

Monocyte
Highly affinity receptor for hemoglobin-haptoglobin 

complex; involved in tissue inflammation

6 CD20 B-lymphocyte 
antigen CD20 Immune Membrane spanning 4-

domains A1 (MS4A1) B cells Involved in development and differentiation of B 
cells into plasma

7 CD3E CD3e molecule, 
epsilon Immune

T cell surface 
glycoprotein CD3 

epsilon chain (T3E)
T cells (highly specific) Involved in coupling antigen recognition to several 

intracellular signal-transduction pathways

8 CD31 Cluster of 
differentiation 31

(Myo-) 
Epithelium & 

Tumor

Platelet endothelial cell 
adhesion molecule 

(PECAM1)
Endothelial cells Involved in angiogenesis, integrin activation, and 

leukocyte transmigration

9 CD4 Cluster of 
differentiation 4 Immune - T-helper cells Essential in activating the T cell signaling cascade

10 CD44 Cluster of 
differentiation 44 Stem Cell Homing cell adhesion 

molecule (HCAM) Cancer stem cells Plays a vital role in pathways invollving cellular 
adhesion

11 CD45 Cluster of 
differentiation 45 Immune

Protein tyrosine 
phosphatase, receptor 

type, C (PTPRC)

Pan-leukocyte; 
hematopietic cells 

(blood cells)

Essential regulator of T- and B-cell antigen 
receptor signaling; regulate various cellular 

processes such as growth, differentiation, and 
onocogene transformation

12 CD45RA Cluster of 
differentiation 45RA Immune

Protein tyrosine 
phosphatase, receptor 

type, C (PTPRC)
Naïve T cells Isoform of CD45 and replaced after activation by 

CD45RO; knocwn to be associated with aging

13 CD45RO Cluster of 
differentiation 45RO Immune

Protein tyrosine 
phosphatase, receptor 

type, C (PTPRC)

CD4 T cells    
(memory cells)

CD4 T cells that express CD45RO are called 
memory cells; show stronger helper function for 

the production of antibodies

14 CD68 Cluster of 
differentiation 68 Immune LAMP4; GP110

Marcophage lineage 
(monocytes, Kupffer 

cells, histiocytes)

Mediates the recruitment and activation of 
macrophages

15 CD8 Cluster of 
differentiation 8 Immune - Cytotoxic T cell 

population

T cell signaling; specific for MHC class I proteins; 
serves as a co-receptor for the T-cell receptor 

(TCR); involved in immune defense

16 CDKN3 Cyclin dependent 
kinase inhibitor 3 Tumor - Heterogeneity Regulates cell cycle (mitosis) through the CDC2 

signaling axis; dephosphorylates CDK2 kinase

17 E-cadherin -
(Myo-) 

Epithelium & 
Tumor

Cadherin 1 (CDH1) Epithelial cells        (cell-
cell adhesion)

Plays a vital role in cellular adhesion; loss is 
associated with epithelial-mesenchymal transition; 

known tumor suppressor protein
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Continued 

  

18 HNF4A Hepatocyte nuclear 
factor 4 alpha Liver

Nuclear receptor 
subfamily 2, group A, 
member 1 (NR2A1)

Hepatocyte

Behaves like a transcription factor which 
regulates the expression of many hepatic genesl; 
involved in the development of the kidney, liver, 

and intestines

19 Ki67 Nuclear protein Ki67 Other Marker of proliferation 
Ki67 (MKI67) Proliferation

Involved in cellular proliferation and ribosomal 
RNA transcription ;used as a predictive marker of 

cancer

20 PARP1 Poly(ADP-ribose) 
polymerase 1 Cell Death

NAD+ ADP-
ribosyltransferase 1 

(ADPRT)
DNA Damage

Detects and promotes DNA repair; involved in 
prolferation, differentiation, and tumor ; 

transformation; can induce inflammation

21 PRC1 Protein regulator of 
cytokinesis 1 Tumor - Heterogeneity

Key regulator of cytokinesis; serves as a 
substrate for various cyclin-dependent kinases 

(CDKs)
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Table 5. Summary of each antibody’s manufacturer, catalog number, clone identification, 

and dilution factor. 

  

# Target Manufacturer Catalog no. Clone Commercial/
custom conjugated

Dilution 
Factor

1 β-catenin Akoya commercial 4450036 12 F7 commercial 1:200

2 CASP3 Abcam ab197202 E87 custom 1:40

3 CCASP3 Abcam ab208003 E83-77 custom 1:40

4 CD11c Abcam ab216655 EP1347Y custom 1:67

5 CD163 Novus NB110-40686 EDHu-1 custom 1:80

6 CD20 Novus NBP2-54591 sIGEL/773 custom 1:67

7 CD3E Akoya commercial 4450030 EP449E commercial 1:200

8 CD31 Akoya commercial 4150017 EP3095 commercial 1:200

9 CD4 Akoya commercial 4350018 EPR6855 commercial 1:200

10 CD44 Akoya commercial 4250002 IM7 commercial 1:200

11 CD45 Novus NBP2-34528 2B11 + PD7/26 custom 1:67

12 CD45RA BD Pharmingen 555486 HI100 custom 1:67

13 CD45RO Akoya commercial 4250023 UCHL1 commercial 1:200

14 CD68 Akoya commercial 4350019 KP1 commercial 1:200

15 CD8 Akoya commercial 4250012 C8/144B commercial 1:200

16 CDKN3 ThermoFisher Scientific MA5-25690 OTI2E11 custom 1:80

17 E-cadherin Akoya commercial 4250021 4A2C7 commercial 1:200

18 HNF4A Santa Cruz sc-374229 H-1 custom 1:100

19 Ki67 Akoya commercial 4250019 B56 commercial 1:200

20 PARP1 Abcam ab222234 EPR18461 custom 1:40

21 PRC1 Abcam ab238427 EP1513Y custom 1:40
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for each antibody and 500µL of filter blocking solution was added to the top and spun down at 

12,0000g for 2 min. Protein concentrations were measured using a NanoDropTM 

spectrophotometer with 50µg needed to purify and run the remaining CODEX steps. Purified 

antibodies were spun down at 12,000g for 8 min. For each antibody, 260µL of antibody 

reduction master mix was added to the top of each filter, vortexed, then incubated at RT for 30 

min. Tubes were spun down at 12,000g for 8 min, flow-through was discarded and 450µL of 

conjugation solution was added to the top of each column and spun down again at the same 

settings and flow-through was discarded. For each barcode, 10µL of molecular biology grade 

water was added to resuspend and 210µL of conjugation solution was added and then added to 

each respective tube and incubated for 2hr at RT. Each antibody was purified by spinning down 

at 12,000g for 8 min, flow-through discarded, 450µL of purification solution was added to the top 

of each column and spun down again. This step was repeated twice. Collection of the antibody 

was conducted by adding 100µL of antibody storage solution to each filter unit and spun down 

at 3,000g for 2 min. Custom-conjugated antibodies were validated using gel electrophoresis.  

 
2.15 CODEX FFPE deparaffinization, hydration, and antigen retrieval  

Coverslips with TMA cores were places in xylene overnight. Coverslips were deparaffinized and 

hydrated as follows: xylene for 5 min, xylene for 5 min, 100% ethanol for 3 min, 90% ethanol for 

3 min, 70% ethanol for 3 min, 50% ethanol for 3 min, 30% ethanol for 3 min, distilled water for 5 

min twice. Antigen retrieval of the coverslips was conducted using 1X citrate buffer (0.01 M 

citrate pH: 6.0; Sigma C9999) and placed into a pressure cooker and microwaved for 20 min. 

Slides were cooled down to room temperature and then placed into distilled water for a few 

seconds and then moved to a second container of distilled water for 5 min twice.  

 

2.16 CODEX FFPE tissue staining and fixation 
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The following staining steps utilized the CODEX® Staining Kit (Akoya Biosciences PN# 

7000008). Following the antigen retrieval steps, coverslips were placed into hydration buffer for 

2 min following by another container with hydration buffer for 2 min. Coverslips were then 

placed into a container with staining buffer for 30 min. Each antibody was diluted according to 

optimized dilution factors (see Table 5). CODEX® blocking buffer was added to each unique 

antibody cocktail solution for a final volume of 200µL total per tissue. The conjugated-tagged 

antibody was added to the antibody cocktail solution, vortexed, and spun down. Coverslips were 

removed from the container of staining buffer and placed in a hydration/humidity chamber. 

190µL of the antibody cocktail was added to each coverslip and incubated for 3hr at RT. 

Coverslips were then placed in staining buffer for 2 min to remove the antibody cocktail and 

placed again in fresh staining buffer for 2 min. Post-staining fixing solution was prepared using 

16% paraformaldehyde and storage buffer at a 1:10 v/v and added to each coverslip for 10 min. 

Coverslips were washed 3X times using 1X PBS and placed in ice-cold methanol for 5 min and 

washed 3X times again. Coverslips were placed in the humidity chamber and 200µL of fixative 

reagent was added to each sample followed by another wash 3X times. Coverslips were stored 

in a 6-well plate containing storage buffer until imaging.  

 

2.17 CODEX reporter preparation and image acquisition 

Preparation of the reporters (three total), which are a fluorescent dye conjugated to a CODEX® 

tag complementary to one specific antibody barcode at a time was first conducted by assigning 

a unique barcode to each antibody that can run three reporters at a time (AF488/AF755, 

ATTO550, and Cy5) (See Table 6 for further details). The reporter stock solution was prepared 

based on the total number of cycles for the experiment and the reporter 96-well plate was 

created by adding 245µL of reporter master mix to the respective well. Blank wells were also 

implemented onto the plate. Samples were equilibrated to RT for 1 hr. CODEX® instrument  
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Table 6. Experimental design of CODEX target detection cycles with corresponding 

fluorescent channel in color. 

  

Cycle # Tag# Target Tag# Target Tag# Target
1 blank blank blank
2 1 CD31 26 CD8 21 CD45
3 29 CDKN3
4 10 CD20 14 E-cadherin 33 cleaved caspase
5 20 b-catenin 3 CD4
6 43 CD163 23 HNFalpha 15 CD68
7 32 PRC1
8 1 CD31 17 CD45RO 36 cleaved PARP1
9 35 CD11c 30 caspase
10 43 CD163 41 CD45RA 45 CD3E
11 5 CD44
12 10 CD20 47 Ki67 21 CD45
13 blank blank blank

Detection channel
AF488 or AF755
Atto 550
CY5
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manager software on a ZEISS Axio Observer microscope was used to run the experiment. Post-

processed images were uploaded in HALO for further analysis. 

 

2.18 HiPlex immunofluorescence HALO analysis of CODEX samples 

To analyze the 22 markers stained, the High Plex Fluorescence version 4.0.4 by Indica Labs 

module was utilized. Each marker was labeled to a dye algorithm and the appropriate settings 

were assigned according to real-time tuning of the expression for each marker. Once the 

algorithm was tuned to detect the correct and specific expression of each marker, a batch 

analysis of each TMA core was run. Summary and object data results were exported, and 

downstream analysis was conducted using R.  

 

2.19 Seurat clustering and UMAP generation 

We identified unique cellular clusters from the CODEX staining of 22 markers utilizing the 

expression profiles of all single-cells (n = 155110). Cells expressing only HOECHST2 (n = 8801) 

were labeled Unclassified. Cells expressing a single marker (n = 15376) other than the nuclear 

stain were labeled respectively. The following library packages were installed into R: dplyr, 

Seurat, and patchwork. Seurat clustering was performed on single-cells (n = 130933) with 

greater than two expressed markers (setting: min.features=2). Data was scaled and 

dimensional reduction with PCA was performed. The first 10 PCs were selected for UMAP 

analysis based on the elbow point method. Clustering settings: resolution=0.2, Louvain 

clustering algorithm. The remaining default parameters were used for functions FindNeighbors 

and FindClusters to generate a K-nearest neighbor (KNN) graph, resulting in 18 clusters. The 

purpose of this analysis was to place similar cellular marker expression patterns together in a 

low-dimensional space. Different subclusters were revealed from the UMAP and were classified 

as tumor, immune, endothelial, Ki67, casp3, and cleaved casp3. A second round of clustering 

with identical settings was performed on the subset of immune and endothelial cells (n = 55958) 
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to separate specific immune-related clusters. In total, we identified 18 unique cellular subtypes. 

We annotated the cells types based on known markers of T cells (CD4, CD8, CD3E, CD45, 

CD45RA, CD45RO), B cells (CD20), TAMs (CD163, CD68), DCs (CD11c), and TECs (CD31). 

Malignant cells were classified with high E-cadherin, HNFalpha, and beta-catenin (including 

marker positive combinations of CDKN3, PRC1, PARP1). Respective heatmaps were generated 

based on the expression of each marker per cluster and the representative image was exported. 

The cellular subtype percent composition for each patient was also computed. Comma-

separated value (CSV) files with every cell assigned a cell-type annotation were exported for 

further downstream analysis. For simplified analysis, cell clusters were merged into 12 

subtypes, merging unique TAMs, TECs, mixed immune cells, and non-immune populations.  

 

2.20 Voronoi diagram creation 

Voronoi diagrams were used to create a representative image of each patient’s tumor core, 

incorporating the Seurat cell type annotations and spatial data for each patient. The x and y 

coordinates of each cell’s centroid (mean value used from the cell segmentation min/max) were 

exported from HALO as a CSV. The library package, ggvoronoi, was installed in R. Based on 

the geometry of the Voronoi tessellation algorithm, every cell represents a polygon, where 

bordering cells help define cell-cell adjacency. Polygons (cells) which are adjacent are 

considered interacting. Each patient’s respective diagram was exported.  

 

2.21 Density distribution of cell types near selected phenotypes 

We assessed the unique cell types identified through Seurat clustering near dense regions of 

CASP3+ cells or apoptotic islands and unique cellular neighborhoods. The phenoptr package 

was installed into R. The cell centroid x and y coordinates and cell type annotations were 

imported. First, the find_nearest_distance function was used to calculate the nearest neighbor 

distances for each cell to each of the provided phenotypes. Next, we plotted a density 
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distribution for each cell type and its distance to a selected cell type. We chose the distance 

from each cell to a CASP3+ cell as the input to generate a density distribution of all cells near 

CASP3+ cells. Distances to a CASP3+ cell within 500μm were visualized for each phenotype. 

 

2.22 Networks of nearby neighboring cells to CASP3+ and cleaved CASP3+ cells 

In phenoptr, the count_within_batch function was run with radius = 50μm. The starting cell was 

always from a CASP3+ to each of the selected phenotypes. We used the count_within function 

to identify the number of CASP3+ cells having at least one selected phenotype positive cell 

within 50μm. Only patients with greater than 50 CASP3+ cells were plotted. The same analysis 

was conducted using cleaved CASP3+ cells as the starting cell. Next, the igraph package was 

installed into R. Networks were generated for each patient based on the counts of cells 

surrounding a CASP3+ cell within 50μm. Network edge sizes were weighted based on the 

average number of neighbors of each phenotype. 

 

2.23 Giotto toolbox for cell-cell interactions 

The cell centroid x and y coordinates and cell type annotations were used to build a Giotto 

object. The Giotto R package and ggvoronoi R package implement the same deldir Voronoi 

tessellation (Delaunay triangulation) method. We generated the cell-cell interactions using the 

function createSpatialNetwork, which connects single-cells based on the Delaunay method 

(settings: minimum_k = 2, maximum_distance_delaunay = 400). Total counts of every cell-cell 

interaction for each patient were exported and visualized with a cutoff of greater than 100 

interactions.  

 

2.24 Utilization of CytoMAP to identify unique cellular neighborhoods 

A CSV for each patient sample was imported into the desktop version of CytoMAP with cell 

centroid x and y coordinates and cell type annotations. The Define Neighborhoods function was 
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utilized with settings: raster scanned neighborhoods, neighborhood radius = 50μm, fast way. 

Next, we defined unique cellular neighborhoods using the function Cluster Neighborhoods Into 

Regions. Settings: composition (number of cells/total cells in neighborhood), MFI normalized 

max MFI per neighborhood, normalize per sample, number of regions 12, clustering algorithm k-

means. The neighborhood information was exported as CSV files for further analysis. Lastly, the 

function Region Interactions was used to examine networks of neighborhood-neighborhood 

interactions. A summary of all computational software and algorithms used for CODEX 

downstream analysis can be found in Table 7.  
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Table 7. Software and algorithms used for CODEX downstream analysis. 

  

Resource Version Source Identifier

HALO Image 
Analysis Platform

v3 Indica Labs https://indicalab.com/halo/

R v4.1.0
The R Project for 

Statistical Computing
https://www.r-project.org/

R studio desktop v1.4.1717 RStudio https://www.rstudio.com/

Seurat R package v4.0.4 Satija Lab https://satijalab.org/seurat/

ggvoronoi R 
package

v0.8.4 Robert C. Garrett https://cran.r-project.org/web/packages/ggvoronoi/index.html

phenoptr R 
package

v0.3.0 Akoya Biosciences https://akoyabio.github.io/phenoptr/

igraph R package v1.2.7 Tamás Nepusz https://cran.r-project.org/web/packages/igraph/index.html

Giotto R package v1.0.3 GitHub, Ruben Dries https://github.com/RubD/Giotto/

CytoMAP v1.4.9 Gerner Lab https://gitlab.com/gernerlab/cytomap/-/wikis/home

Survival R 
package

v3.2-13 Terry M Therneau https://cran.r-project.org/web/packages/survival/index.html
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CHAPTER 3:  

UNDERSTANDING THE CAUSE AND CONSEQUENCE OF TUMOR HETEROGENEITY 

 

3.1 The need to understand tumor molecular heterogeneity 

Biodiversity for a given multicellular entity has long been observed in the context of Darwinian 

evolution at the cellular, organismal, or species level because a common trait that may be 

evolutionarily selected to promote fitness and survival of a defined ecosystem. Recently, this 

phenomenon has been increasingly appreciated in cancer research, where genomic and 

biological heterogeneity found within a cancer ecosystem have been observed in most, if not all, 

malignant solid tumors. Cancer cell heterogeneity is a key challenge in cancer medicine because 

different tumor cells may carry different actionable oncogenic drivers, making it difficult to define 

and implement molecularly targeted therapeutics effectively. This may be why the improvement 

of 5-year overall survival rates among patients with solid malignancies such as those in 

esophageal, liver, lung, pancreatic, and stomach cancer have remained modest (less than 20%) 

for decades despite many oncological advances (95). Thus, defining actionable drivers 

responsible for inducing tumor biodiversity may be a key step toward winning the war on cancer. 

Is biodiversity so great that it renders the quest to seek actionable drivers impossible, as 

propounded in a theory of biotonic laws by Walter Elsasser (96)? Does a common mechanism 

exist that drives cancer cell heterogeneity to achieve the fitness and survival of a given tumor cell 

community? 

 

3.2 Ecological perspective of diversity 

We entertain the idea that selective cell death within each tumor ecosystem may be one 

mechanism that induces cancer cell heterogeneity and thus confers a survival advantage on these 

cells. This idea is inspired by the 1992 observation of Martin and Sapsis that naturally or manmade 

fires can promote biodiversity (97). They suggested that intermediate disturbance of 
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spatiotemporal patterns of fire within an ecosystem increases biodiversity within an ecological 

niche. Although both fire and cell death follow a destructive process, their modes of action may 

not be identical, because fire may spread but cell death typically does not. Nevertheless, Martin 

and Sapsis argued that selective destruction in a given population may lead to higher biodiversity 

and thus a healthier ecosystem and better survival of its inhabitants. 

 

3.3 Is cell death positively linked to tumor heterogeneity and its fitness? 

On the basis of prevailing reasoning, one could speculate that increasing levels of cell death in a 

given tumor cell community determine the degree of cancer cell heterogeneity, which is linked to 

the fitness of a tumor ecosystem and thus a tumor's aggressiveness. On the basis of publicly 

available single-cell RNA-sequencing data, there is a linear positive relationship between the 

degree of cell death (in the form of apoptosis, called the ‘apoptotic index’) and cancer cell 

biodiversity (referred to as the ‘Shannon entropy index’; Figure 6A–C). In parallel, bulk 

transcriptomic data with tumor types matched to single-cell data demonstrate that the levels of 

apoptotic cells as determined by an apoptosis execution gene signature were associated with 

survival of patients with different cancer types, with liver cancer displaying the highest hazard 

ratios (Figure 6D). These analyses illustrate a consistent observation that patients with liver 

cancer across different cohorts display the strongest relationship between apoptosis, tumor 

heterogeneity, and survival. Consistently, we recently found that tumor lesions from patients with 

primary liver cancer have a varying degree of transcriptomic diversity that is associated with 

microenvironmental reprogramming toward ineffective immunosurveillance and worse patient 

outcomes (24). These findings raise important questions regarding whether the current 

approaches taken to treat patients with cancer are the most suitable and provide the greatest 

benefit.  
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Figure 6. Increased cell death promotes cancer cell diversity in solid tumors but not liquid 

cancers and is associated with patient survival. (A) A computed apoptotic index displays 

increased heterogenetic potential as the index increases in solid tumors and similarly shows a 

significant correlation for (B) liquid cancers due to the data being skewed by two distinct 
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populations. (C) Regression coefficients and P values for each cancer type, once graphed 

separately from the single-cell datasets, illustrate primary liver cancer and breast cancer as 

having the largest correlation of apoptotic index and tumor Shannon entropy index along with the 

most significant P value; however, the liquid cancers rank last. (D) An apoptosis signature 

dichotomizing patients into high versus low risk is correlated with patient outcome across multiple 

cancer types (data depicted as hazard ratios with 95% CIs in the top panel along with each P 

value in the bottom panel). Abbreviations: AML, Acute myeloid leukemia; AST, astrocytoma; BC, 

breast cancer; CI, confidence interval; CML, chronic myeloid leukemia; CRC, colorectal cancer; 

HNSCC, head and neck squamous cell carcinoma; LCI, Liver Cancer Institute; LIHC, liver 

hepatocellular carcinoma; ODG, oligodendroglioma; PLC, primary liver cancer. 
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3.4 Incorporating evolutionary dynamics into clinical care 

The standard-of-care practices for patients with cancer today focus on eradicating all traces of 

disease, mainly by targeting cancer cells with the use of chemotherapeutic agents, radiation, 

various protein kinase inhibitors, or activation of endogenous immune surveillance programs. 

Although these practices have remarkably improved survival in patients with liquid cancers (98), 

they have failed countlessly in the more aggressive solid tumor types (99). Reasons for these 

failures are varied, but a common theme that emerges is cancer genomic complexity that includes 

the level of somatic mutations, aneuploidy, and the degree of intratumoral heterogeneity among 

solid and liquid cancer types, which prevent therapeutics from eliminating all traces of tumor cells 

(100, 101). Notably, the degree of aneuploidy, a product of chromosomal instability and a hallmark 

of human cancers, is much less in liquid tumors than in solid tumors (102). Moreover, aneuploidy 

is a universal prognostic marker for solid tumors (101), and chromosomal instability can drive 

tumor progression (103). By contrast, mutations in TP53, a guardian of the genome, are most 

commonly found in solid tumors and have been found to be linked to cell death, especially 

proapoptotic signaling (104). Furthermore, cell death is also commonly observed during oncogene 

activation. An interplay between tumor cells and tumor microenvironments has been suggested 

to explain this paradoxical feature, such as Myc-induced activation of ARF, cooperation with 

BCL2, and regulation of BAX expression (104, 105). Just like any other species that undergoes 

changes to maintain future generations, cancer cells use the same principles of Darwinian 

evolution to select for the fittest clones. We define ‘clones’ in a cancer context as cancer stem 

cells and/or tumor initiating cells originating from a parental clone (cell) that have the potential to 

form a tumor. These clones are able to reproduce and proliferate even under threatening 

conditions such as therapy that targets their survival while also reprogramming their 

microenvironment, thereby creating a tumor ecosystem with the greatest biodiversity (Figure 7) 

(106). This is analogous to any ecosystem in which diversity among multicellular organisms is  
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Figure 7. Proposed model of the progression of tumor heterogeneity for solid tumors. Cell 

death induced by chemotherapy selects for specific elimination of gene mutations while leaving 

behind resistant clones as well as vacant niches that diversify cancer cell communities through 

selection of desirable traits and tumor microenvironment remodeling. Abbreviation: TME, tumor 

microenvironment.  

  



 56 

paramount to survival as diverse characteristics are intrinsically selected for to ensure that natural 

selection continues to occur. 

 

3.5 Concluding remarks 

Because it is difficult for cancer therapy to achieve its goal of eliminating all cancer cells within a 

solid lesion, it is conceivable that a limited cancer cell death may allow the elimination of a few 

dominant clones while promoting the expansion of various minor clones, creating a diverse tumor 

ecosystem. Consistently, numerous studies have shown that these clonal adaptations and 

reprogramming mechanisms, such as selective sweeps and competitive release, which cancer 

cells undergo after implementation of therapy, ensure their fitness and diversity (101, 107). Thus, 

therapy allows the elimination of dominant clones because the clones share a common feature 

that is homogeneous and can be targeted by therapy, whereas the remaining minor clones are 

diverse and can promote increased diversity as they proliferate. Contrary to conventional thinking, 

in which more cancer cell death is considered favorable for tumor repression, we are challenging 

the effect of inducing cell death toward a primary tumor as a potential link to increased tumor 

heterogeneity, which in turn can make tumors more resilient and treatments less effective. This 

reasoning drives us to question one of the fundamental hallmarks of cancer – avoiding 

programmed cell death – that has historically shaped our view of cancer development and 

progression. However, this idea is not new, because apoptosis has been suggested to promote 

rather than to prevent or treat cancer (73). These ideas, along with the data presented above 

showing a positive association between cell death and tumor cell heterogeneity, have implications 

for how we treat cancer today. We argue that fully understanding the link between cell death and 

tumor cell biodiversity is necessary to design better oncological treatments through first 

characterizing the single-cell genome, transcriptome, proteome, and metabolome and how they 

contribute to tumor cell ecosystems (108). With this knowledge, we will be able to effectively 

design evolutionarily based therapeutics that simultaneously target dominant and minor cancer 
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clones with the aim of eradicating an entire lesion and achieving a potential cure for patients with 

solid cancers. 
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CHAPTER 4: 

SINGLE-CELL BIOLOGY UNCOVERS APOPTOTIC CELL DEATH AND ITS SPATIAL 

ORGANIZATION AS A POTENTIAL MODIFIER OF TUMOR DIVERSITY IN 

HEPATOCELLULAR CARCINOMA 

 

4.1 Introduction 

Intratumoral heterogeneity (ITH) can be classified as one of the largest clinical conundrums in 

treating cancer today. Defined as the genomic and phenotypic differences seen amongst 

individual cancer cells within the same tumor, ITH poses significant challenges in determining and 

creating molecularly targeted therapeutics. This is especially evident in liver cancer, which is the 

fourth deadliest cancer type in the world, amounting to over 782,000 of deaths per year with 5-

year survival rates at a dismal 18% (1, 2). Hepatocellular carcinoma (HCC), the most common 

form of liver cancer, contains vast levels of heterogeneity with numerous cancer mutations but no 

dominant drivers, making current standard of care practices limited in improving patient outcomes 

(3). Identifying plausible mechanisms of tumor heterogeneity can lead us towards developing 

better approaches to combat cancer’s destructive power and therapeutically exploit its diversity. 

Recently, I tested the idea of cell death as a contributor in promoting increased tumor diversity 

(109). Consistently, I found that the degree of cell death in each tumor measured by an Apoptotic 

Index is positively correlated with a Tumor Shannon Entropy Index (a metric that measures 

cellular diversity in individual cancer cells) in seven cancer types with available single-cell 

RNAseq data. Moreover, when patients were stratified in high vs. low expression of the Apoptotic 

Index, those in the high-risk category had worse overall survival compared to the low-risk group 

(109).  

 

Here, using single-cell in situ hybridization (RNAScope® Technology), I aimed to validate our 

previous findings of increased cell death in promoting tumor diversity using patient tumor tissue 
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microarrays stained with a cell death marker and two other markers to model the heterogeneity 

state of the tumor and correlate with patient outcome. I conducted a robust computational 

approach to identify two markers of heterogeneity, cyclin dependent kinase inhibitor 3 (CDKN3), 

a gene involved in cell cycle regulation and protein regulator of cytokinesis 1 (PRC1), a gene 

involved in mitosis that can be utilized for tissue staining. I further analyzed the spatial relationship 

between CASP3+ cells as a surrogate for dying cells and the nearby cellular diversity. Lastly, I 

developed an in vitro CRISPR/Cas9 model to selectively induce varying levels of cell death and 

measure therapy response and growth under hypoxic conditions as an extension of my 

RNAScope findings. Together, this study provides valuable and additional insights into the 

plausible connection between cell death and tumor diversity and why we must adapt our method 

of treating cancer by incorporating the evolutionary patterns that tumor cells will undergo and their 

intricate spatial architecture that maintains their longevity and survival.  

 

4.2 Results 

Selection of heterogeneity markers to model tumor diversity 

To identify markers to use for RNAScope in situ hybridization assay, a robust computational 

approach was utilized. Briefly, tumor specific upregulated genes were selected via differential 

gene expression between nontumor and tumor samples using two bulk transcriptome datasets, 

Liver Cancer Institute (LCI) and The Cancer Genome Atlas-Liver Hepatocellular Carcinoma 

(TCGA-LIHC) (Figure 8A). Overlapping genes were then further filtered using our liver cancer 

single-cell RNAseq dataset to identify at the single-cell level highly variable and tumor specific 

genes to use as surrogates for the heterogeneity state of the tumor (Figure 8A). From this 

analysis, cyclin dependent kinase 3 (CDKN3) and protein regulator of cytokinesis 1 (PRC1) were 

selected. For a cell death marker, caspase 3 (CASP3) was selected to measure the apoptotic 

levels of each tumor sample as its mRNA expression from our RNA-Seq data correlates with an 

apoptotic index we previously calculated (Figure 8B) (109) and multiple studies have shown it to  
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Figure 8. Computational workflow of determining RNAScope markers to stain our liver 

tissue microarrays  

(A) Descriptive computational workflow of identifying appropriate heterogeneity markers to utilize 

for in situ hybridization (RNAScope) staining. 

(B) Correlation of CASP3 mRNA expression with a previously determined apoptotic index.  
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be a reliable readout of the apoptotic levels in tumor samples (109-114). We further confirmed 

that the expression of CASP3, CDKN3, and PRC1 is highly variable and tumor specific in three 

bulk transcriptome hepatocellular carcinoma cohorts (Figure 9A-C). To begin the RNAScope 

assay, positive and negative control probes were stained to ensure the sensitivity and specificity 

of the assay in our patient samples before initiating staining of the markers (Figure 10). The 

workflow for staining includes utilizing tissue microarrays of paired nontumor and tumor samples 

in our discovery cohort, LCI, that after undergoing RNAScope staining, each slide was imaged 

using confocal microscopy and quantified using HALO® by Indica labs (Figure 11A). This 

experimental workflow was then utilized again in our validation cohort, the Thailand Initiative in 

Genomics and Expression Research for Liver Cancer (TIGER-LC). Single-cell detection of each 

marker is denoted by individual dots with CASP3 in green, CDKN3 in red, and PRC1 in purple 

and cell nucleus detection by DAPI staining with HALO software approximating cytoplasm 

boundary (Figure 11B). The average copies of each marker, CASP3, CDKN3 and PRC1 was 

quantified in both cohorts and showed highly variable expression in tumor compared to nontumor 

samples, indicating varying degrees of cell death and heterogeneity, proving these markers are 

sufficient to model the diversity of each tumor sample at the single-cell level (Figure 11B). 

Furthermore, the tissue expression of CASP3 from the RNAScope assay correlated with our bulk 

transcriptome RNA-seq data (Figure 12A) and in in vitro experiment of increasing levels of cell 

death showcases increased CASP3 mRNA expression, proving CASP3 as a suitable marker of 

cell death (Figure 12B).  On a larger scale, the total percent positivity for each of the markers was 

also highly abundant and variable in both cohorts (Figure 12B-C). Given these findings, it is 

evident that single-cell ISH staining of CASP3, CDKN3 and PRC1 using the RNAScope platform 

can recapitulate the diverse and tumor-specific expression in our two liver cancer cohorts and can 

be used to further understand the tumor and microenvironmental spatial architecture of our patient 

samples.  
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Figure 9. Validation of RNAScope markers using bulk transcriptome datasets.  

Relative mRNA expression of CASP3, CDKN3, and PRC1 in LCI (A), TIGER-LC (B), and in 

TCGA-LIHC (C) cohorts showcase highly variable and tumor specific expression, indicating 

suitable markers to model cell death and heterogeneity.  
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Figure 10. Quality control of ensuring RNAScope assay is highly sensitive and specific.  

Representative images of positive (peptidylproyl isomerase B) and negative (dihydrodipicolinate 

reductase of bacillus subtilis strain) control probes to ensure RNAScope assay sensitivity and 

specificity of our liver tumor sections. Scale bar 100 µm. 
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Figure 11. Single-cell in situ hybridization profiling of hepatocellular carcinoma (HCC) 

tumors from two separate patient cohorts.   

(A) Workflow of HCC tumor selection, processing, staining, imaging, and computational pathology 

quantification using HALO software. 

(B) Top panel: (a.) Representative TMA core image, scale bar: 200µm.  (b.) representative image 

stained with all markers (DAPI: blue, CASP3: green, CDKN3: red, PRC1: purple), (c.)  output 

image of HALO analysis of single cell detection (smaller circle indicates nucleus detection, larger 

circle indicates cytoplasm detection), (d.) Single-cell detection of CASP3 with solid circular outline 

indicating nucleus detection and dotted circular outline indicating cytoplasm detection, (e.) Single-

cell detection of CDKN3 with solid circular outline indicating nucleus detection and dotted circular 

outline indicating cytoplasm detection, (f.) Single-cell detection of PRC1 with solid circular outline 

indicating nucleus detection and dotted circular outline indicating cytoplasm detection. Scale bars 

(d-f): 10µm. Bottom panel: Quantification of average copies of CASP3, CDKN3, and PRC1 per 

single cell in our discovery cohort, LCI and validation cohort, TIGER-LC. NT: nontumor; T: tumor.  
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Figure 12. Correlation of CASP3 RNAScope vs RNAseq and quantification of total percent 

positivity of each marker stained. 

(A) Correlation of CASP3 mRNA expression from RNAseq with CASP3 mRNA expression from 

the RNAScope assay. 

(B) Left panel: relative percent viability of Huh1 cells treated with differing concentrations of 

doxorubicin to induce cell death and (right panel) the associated levels of CASP3 mRNA 

expression. 

(C-D) Whole tissue core analysis of CASP3, CDKN3, and PRC1 positivity illustrates higher 

abundance in tumor vs nontumor samples from the LCI (B) and TIGER-LC (C) cohorts. 
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Increased cell death is associated with increased tumor diversity  

In order to assess the heterogeneity level of each tumor sample, a Shannon Index (quantification 

of entropy) score (115) based on the percent of cell populations that express either CDKN3, 

PRC1, both or neither was computed for each paired tumor and nontumor sample. In both cohorts, 

tumor samples (LCI: 0.809 (mean) ± 0.832(standard deviation); TIGER-LC: 0.702 ± 0.604) 

displayed a significant increase in diversity (Shannon Index) as well as higher variability compared 

to nontumor samples (LCI: 0.358 ± 0.310; TIGER-LC: 0.158 ± 0.205), demonstrating that 

quantification of heterogeneity based on these markers reiterates published literature that 

diversity can be measured using samples stained with a selected number of markers (Figure 13A) 

(115-118). Moreover, the percent CASP3 positivity in tumor samples was positively associated 

with its corresponding Shannon Index in LCI (R=0.716, p-value<0.0001) as well as in TIGER-LC 

(R=0.708, p-value<0.0001, Figure 13B). These findings corroborate our previous work 

showcasing increased apoptotic levels amongst single cells from single-cell RNAseq data is 

associated with increased tumor diversity (109). Furthermore, to assess whether there is a 

biological impact of high intratumor heterogeneity, patients in each cohort were stratified in high 

vs. low Shannon Indices based on the median value and their survival data was computed. For 

the LCI cohort, patients that fell into the high Shannon Index trended towards worse overall 

survival compared to patients who had a low Shannon Index score, however the HR was not 

statistically significant (HR: 1.60, 95% CI: 0.97-2.64, Figure 13C). Likewise, patients with a high 

Shannon Index in our validation cohort, TIGER-LC, trended towards worse overall survival, 

however the HR was not statistically significant (HR: 2.15, 95% CI: 0.85-5.45, Figure 13C). 

Together, these data suggest that tumor specific diversity may be influenced by the degree of cell 

death which can be related to patient outcome, similar to our previously published findings (109).  
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Figure 13. Determination of heterogeneity and its association with apoptotic levels and 

patient outcome.  

(A) Computed Shannon Index based on CDKN3 and PRC1 expression at the single-cell level. 
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(B) The correlation of percent CASP3 positivity and Shannon Index in HCC tumors. Correlation 

coefficient and p-values are based on Pearson correlation coefficient test.  

(C) Kaplan-Meier survival analysis of HCC patients based on high vs. low Shannon Index using 

log-rank p-value. ****p<0.0001. 
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Tumor diversity is influenced by the spatial context of an apoptotic cell 

To determine the impact of cell death on the surrounding tumor diversity, spatial analysis was 

conducted between two distinct cell populations, CASP3+ cells and CDKN3+PRC1+ cells (Figure 

14A). I investigated the spatial relationship between an apoptotic cell and nearby diverse cell 

populations by dividing patients into short vs. long distances (Figure 14B) and determined the 

relationship between %CASP3 positivity and Shannon Index. Interestingly, patients whose 

distance of a CDKN3+PRC1+ double positive cell to a CASP3+ was considered short, existed on 

the high end of the %CASP3 positive and Shannon Index spectrum, meaning the shorter the 

distance the greater the diversity of the tumor (LCI: R=0.712, p-value<0.0001; TIGER-LC: 

R=0.533, p-value=0.0006, Figure 14B). Those whose distances were longer displayed lower 

levels of CASP3+ positivity and lower tumor diversity (LCI: R=0.292, p-value=0.0047; TIGER-LC: 

R: 0.375, p-value=0.054, Figure 14B). These observations imply that diversity of a tumor may be 

influenced by the degree of cell death as well as the spatial context of an apoptotic cell.  Similarly, 

I divided patients into low, medium, and high levels of CASP3+ cells based on quartiles and found 

a stepwise increase in the Shannon Index and a stepwise decrease in the spatial distance of 

diversity to an apoptotic cell (Figure 14C). 

  

Tumor apoptotic islands increase nearby heterogeneity  

To further investigate the role of apoptosis in promoting nearby tumor diversity, I classified 

apoptotic islands based on CASP3+ cells using density contour mapping. I hypothesized that 

diversity is the greatest within a close proximity to a collective body of cells classified as an 

apoptotic island (Figure 15A). Coordinates for each individual cell were extracted and density 

maps of CASP3 expression were curated for each patient. Interestingly, I found patients’ tumor 

samples exhibit a collection of apoptotic cells to form islands, with each tumor having a unique 

island architecture distinct from one another (Figure 15B). To assess the diversity near these 

apoptotic islands, a Shannon entropy score was determined for cells within a short distance  
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Figure 14. Apoptotic cell death promotes tumor diversity by spatially interacting with its 

neighboring cells. 
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(A) Representative image and analysis output obtained from HALO of the proximity analysis of a 

diverse cell (CDKN3+PRC1+) in blue to an apoptotic cell (CASP3+) in yellow. Each proximity line 

was classified into either short vs long based on the cutoff of 14.25µm. 

(B) Classification of patients who have higher levels of cell death and diversity are in closer 

proximity (shorter distance) to a dying cell.  

(C) Patients stratified based on low, medium, and high levels of cell death exhibit increasing 

levels of diversity and closer proximity to a diverse microenvironment. Shannon index depicted 

in box plots and spatial distance depicted in violin plots. 
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Figure 15. Determination of apoptotic islands using spatial coordinates from each patient’s 

tumor and the nearby diversity of short vs long distanced neighborhoods. 
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(A) Proposed model of investigating whether the level of diversity within a tumor is greatest near 

apoptotic islands. 

(B) Determination of apoptotic islands amongst different patients based on CASP3 positivity and 

density separated by varying contour levels. 

(C) Entropy quantification of short vs long distanced cells to an apoptotic island illustrates higher 

diversity in the short group vs long group in both LCI and TIGER-LC cohorts based on contour 

levels of either 1 or 2. *p<0.05; **p<0.01, ***p<0.001. 

(D) Kaplan-Meier survival analysis of HCC patients based on high vs. low short distanced 

Shannon Entropy score and long distance Shannon Entropy score using log-rank p-value. 

*p<0.05; **p<0.01, ***p<0.001. 
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(determined by a contour level of 1 or 2 which was kept constant for each tumor) and all other 

cells were classified as long distance. I observed significantly higher levels of cell diversity 

within a short distance to an apoptotic island for contour level 1 compared to the long distance 

entropy in both LCI (short: 0.584 ± 0.525, long: 0.391 ± 0.386, p-value=0.0002) and TIGER-LC 

(short: 0.589 ± 0.409, long: 0.396 ± 0.324, p-value=0.0042) cohorts (Figure 15C). Furthermore, 

when the selection of the boundary for the apoptotic island was changed to contour level 2, I 

observed significantly similar results between short and long entropies (LCI short: 0.606 ± 

0.548, long: 0.421 ± 0.414, p-value=0.0006; TIGER-LC short: 0.615 ± 0.432, long: 0.473 ± 

0.350, p-value=0.045) as in contour level 1, showcasing that this phenomenon is stable across 

different areas of an island (Figure 15C). 

 

Moreover, patients were divided into low vs. high short entropy scores based on the median and 

I found those in the high category for the LCI cohort exhibited a significantly worse overall survival 

compared to the low category group within the short entropy classification (HR: 2.10, 95% CI: 

1.21-3.66, p-value=0.015, Figure 15D). Likewise, in the TIGER-LC cohort, patients in the high 

category group displayed significantly worse overall survival vs the low category group within the 

short entropy classification (HR: 3.09, 95% CI: 1.07-8.93, p-value=0.037, Figure 4D). 

Interestingly, when patients were similarly divided in high vs low for the long distance entropy 

classification, no significant difference in survival was observed (Figure 15D).  These results 

showcase that regions within a tumor that form apoptotic islands cause greater diversity in shorter 

proximity to collective cell death verses cells that are further away and that this phenomenon may 

be related to patient outcome.  
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Selective induction of cell death may lead to therapy resistance 

To further expand upon our RNAScope findings, I created an in vitro model to selectively induce 

cell death at different levels using CRISPR/Cas9 gene editing in order to assess whether cells 

subjected to greater levels of cell death leads to increased heterogeneity of the cell population. I 

utilized a tet-on inducible Cas9 plasmid whose expression is activated upon the addition of 

doxycycline (DOX) and inserted a sgRNA of MCL-1 (an anti-apoptosis gene), which its knockout 

would promote cell death (Figure 16A). A stable Cas9 expressing Huh1 cell line was created 

(Figure 16B) and validation of MCL-1 knockout and reduction of cell death at varying multiplicity 

of infection was observed (Figure 16C). To selectively induce different levels of cell death, various 

concentrations of DOX was added to Huh1 Cas9 cells transduced with the sgRNA virus at an MOI 

of 2 and concentrations of 0.01, 1.0, and 4.0 ug/mL mimicked 0, 50, and 90% cell death (CD0, 

CD50, CD90, Figure 16D), respectively. Next, the heterogeneity state of cells subjected to 0, 50, 

and 90% cell death was assessed by therapy induction of doxorubicin. Greater levels of therapy 

resistance (i.e. lower drug sensitivity) is a common feature illustrated in highly heterogeneous 

tumor cell populations (119-121) and I tested this phenomenon five days post gene knockout of 

MCL-1 (Figure 16E, left panel). Interestingly, I found that cells subjected to the highest level of 

cell death, 90% (CD90), had a significantly reduced sensitivity to doxorubicin (Figure 16E, right 

panel). Subsequently, when more time was given to the cells subjected to 0, 50, and 90% cell 

death to recover and then treated with doxorubicin for 48hr or placed in a hypoxic chamber for 

48hr (Figure 16F), over time the rate of proliferation in the 90% cell death group increased faster 

(Figure 16G) and survived in hypoxic conditions (Figure 16H). Similar results were obtained in 

another hepatocellular carcinoma cell line, Hep3B (Figure 17). Together, these results illustrate 

in a controlled setting that induction of higher levels of cell death leads to increased therapy 

resistance and survival in hypoxic conditions which can be indicative of the heterogeneity level of 

the tumor cell population.   
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Figure 16. Selective induction of cell death using CRISPR/Cas9 to measure drug sensitivity 

and heterogeneity of Huh1 cells. 

(A) (Left and middle panel) Illustration of a Cas9 plasmid whose expression is turned on upon the 

addition of doxycycline. (Right panel) Illustration of a sgRNA plasmid with a target sequence for 

the MCL-1 gene inserted and tagged with GFP. 
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(B) Screening of single clones isolated from Huh1 cells that were transduced with a lentivirus 

packaged with the Cas9 plasmid to determine which clone successfully expresses Cas9 to use 

for downstream functional assays. DOX: doxycycline.  

(C) (Left panel) MCL-1 gene knockout validation. (Right panel) Optimization of the multiplicity of 

infection for the MCL-1 sgRNA lentivirus transduced with stable Huh1 Cas9 cells. MOI: 

multiplicity of infection; DOX: doxycycline. 

(D) Induction of varying levels of cell death controlled by the amount of doxycycline added to 

stable Huh1 Cas9 cells. CD: cell death. 

(E) (Left panel) Workflow of cells undergoing various levels of cell death for five days then 

treated with doxorubicin for 48hr to test drug sensitivity. (Right panel) Measuring therapy 

sensitivity as an output of cellular heterogeneity by treatment of doxorubicin (48hr) from cells 

that were subjected to varying levels of cell death (10, 50, 90%). CD: cell death. 

(F) Workflow of cells undergoing various levels of cell death for five days then treated with 

doxorubicin for 48hr or placed in a hypoxic chamber for 48hr and repeated until day 10 or 14 

from initial cell death induction.  

(G) Measuring doxorubicin sensitivity at various timepoints as cells recovered from their initial 

induction of cell death (0, 50, 90%). For each timepoint, cells were treated with doxorubicin for 

48hr but each consecutive timepoint after the previous one, cells had a longer time to recover 

from initial cell death. CD: cell death. 

(H) Measurement of cellular viability of cells that underwent varying levels of death and placed 

in a hypoxic chamber at 1% O2 for 48hr and repeated until day 14. *p<0.05; **p<0.01, 

***p<0.001; ****p<0.0001. 
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Figure 17. Validation of drug sensitivity and heterogeneity in another HCC cell line, Hep3B.  

(A) (Left panel) Screening of single clones isolated from Hep3B cells that were transduced with 

a lentivirus packaged with the Cas9 plasmid to determine which clone successfully expresses 

Cas9 to use for downstream functional assays. (Right panel) Optimization of the multiplicity of 

infection for the MCL-1 sgRNA lentivirus transduced with stable Hep3B Cas9 cells. MOI: 

multiplicity of infection; DOX: doxycycline. 
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(B) Induction of varying levels of cell death controlled by the amount of doxycycline added to 

stable Hep3B Cas9 cells. CD: cell death. 

(C) Cellular proliferation of Hep3B cas9 cell line showcases cells that underwent higher levels of 

initial cell death (CD90) grew faster than cells with no cell death (CD0).  

(D) Workflow of cells undergoing various levels of cell death as well as cultured in 3D plates for 

2 weeks. Cells were then treated with doxorubicin for 48hr to test drug sensitivity and placed in 

normoxia or hypoxia for another 48hr to measure cell growth. 

(E) (Left panel) Cells that underwent 90% of cell death display higher viability after treatment 

with doxorubicin and placement in hypoxia than cells that experienced 0 or 50% cell death. 

(Right panel) Representative images of 3D spheroids of Hep3B cells shows larger spheres in 

the 90% cell death group. *p<0.05; **p<0.01, ***p<0.001; ****p<0.0001. 
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4.3 Discussion 

In this study, I sought to determine if there is a direct link between cell death and diversity by using 

a multiplex-fluorescence based assay that can measure selected markers at the single-cell level. 

This is the first study to our knowledge that utilizes a single-cell based in situ hybridization assay 

in paired tumor and nontumor samples from HCC patients. Furthermore, this is the first novel 

observation to showcase that cell death can be linked to tumor heterogeneity using various 

mathematical modeling of data obtained from stained tumor sections. After appropriate quality 

controls and optimization, I was able to successfully obtain single-cell level expression data of 

three markers, CASP3, CDKN3, and PRC1 to use for further characterization. I show that as the 

level of cell death increases in a tumor, the degree of diversity measured by a Shannon Index, 

increases. To further examine whether cell death can be associated with tumor diversity, I 

measured the spatial distance of our heterogeneity markers to an apoptotic cell. I found that 

tumors with a high degree of cell death and high Shannon Index, exhibited shorter distances of 

CDKN3+PRC1+ cell to a CASP3+ cell. Next, I wanted to determine if an apoptotic cell works alone 

or collectively as an island to promote the greatest diversity nearby and found that there are 

distinct regions within a tumor that CASP3+ cells collectively reside. Interestingly, I found that the 

highest level of diversity was near regions of densely populated apoptotic cells or what I refer to 

as “islands” and that this phenomenon was associated with survival. Through recent research 

observations, we have come to appreciate tumor heterogeneity as an intrinsic mechanism of 

tumor cell survival and evolution and not a random and chaotic event. It is plausible that one way 

a tumor can further promote heterogeneity so that therapies will not eliminate them is through 

their own self-destructive mechanisms such as collective apoptosis in the form of islands. These 

islands can elicit nutrients into the microenvironment and create space for future minor clones to 

expand, thus increasing the propensity of tumor cells to acquire further heterogeneity to its nearby 

surrounding. Our in vitro experimental models under controlled levels of cell death linked to 

chemotherapy resistance is consistent with this hypothesis. 
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We have long viewed cancer cell death as the ultimate goal in achieving remission and favorable 

therapeutic outcomes. However, increasing evidence has shed light into the oncogenic effects of 

cell death, specifically apoptosis. Various mechanisms have been proposed to elucidate how 

apoptosis may be pro-tumorigenic instead of anti-tumorigenic. These include growth factors that 

are released from apoptotic bodies that can promote cancer stem cell proliferation and immune 

silencing, selection of treatment-resistant cancer clones causing tumor repopulation, and finally 

crosstalk between an apoptotic cell and the microenvironment that can lead to pro-angiogenic 

proliferation, trophic support, and tumor immune escape (73). All these mechanisms can allow 

tumors to continue to evolve and maintain their heterogeneous state as diversity intrinsically 

ensures their continued survival. Just like any other species that promotes various traits within 

their population, cancer cells utilize the same phenomenon to evolve throughout time. While it 

may seem paradoxical to associate increased cell death with greater tumor diversity and 

ultimately worse patient outcome, these findings shed light that a potential mechanism to cause 

tumor heterogeneity can be related to the removal of major clones in a tumor ecosystem by 

apoptosis. This scenario can provide the necessary room for minor clones that did not make up 

the majority of the tumor and were not eliminated by therapy to repopulate the tumor region and 

promote further diversity. This phenomenon is commonly termed “competitive release” as therapy 

selects for the resistance clones and thus making the tumor more difficult to treat further along 

the treatment course (101, 107).  Another possible implication of how cell death in the form of 

apoptosis can lead to increased diversity is that apoptotic bodies that are released into the 

microenvironment can fuel the proliferation and survival of other cell types nearby and thus 

continue to create a diverse tumor population (122-124). 

 

While there have been mechanisms proposed that may cause tumor heterogeneity such as 

genomic instability, inefficient DNA repair machinery, mutational burden, and impaired immune 

response  (44, 125-127), one that often gets overlooked is induction of therapy. It has long been 
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known that cancers, especially in late stages, do not respond favorably towards remission. While 

there are many reasons for this, one that is a common phenomenon that can be seen in all solid 

cancer types is the selection of resistant clones within a tumor through the elimination of the 

sensitive clones by induction of molecularly targeted therapy (128-133). Thus, destruction or 

death of a selected group of cancer cells within a tumor can make tumors more heterogeneous 

as the resistance clones that get left behind can repopulate the vacant niche through expansion 

of minor clones with diverse characteristics.  

 

On the contrary, one mechanism of tumor heterogeneity that has not yet been proposed is the 

collective assembly of apoptotic cells in a tumor to form an apoptotic island to elicit diversity to its 

nearby surrounding. We believe cancer cells may behave in a collective and symbiotic manner 

such as the creation of “apoptotic islands” within a tumor that promotes cell death in certain 

regions to further its diversity and microenvironmental heterogeneity much like how cooperativity 

and symbiosis have long been observed in organismal species as a mechanism for survival (134, 

135).  

 

The findings of this study highlight critical observations that can be made when integrating the 

spatial information with transcriptomic profiles of individual cells. Here, I propose that cell death 

is not a random event but a coordinated effort amongst multiple cancer cells to form dense, 

apoptotic islands that can cause greater local heterogeneity than if each cell were to work alone. 

Overall, this study brings about a new way of thinking about cancer cell death in not just that it 

can related to tumor heterogeneity but that there is also an organized coordinated effort amongst 

cancer cells to collectively induce apoptosis in order to maximize nearby diversity. Therefore, we 

must begin to incorporate our understanding of the spatial dynamics that makeup cells within a 

tumor to design better therapeutic options for patients with highly aggressive and treatment 

resistant cancers.  
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While this study investigates a new driver of tumor heterogeneity using RNAScope staining, 

computational modeling of diversity, and a creative method to selectively induce cell death, 

there are some limitations to the study. First, the major limitation to the RNAScope staining is 

the limited number of markers that can be stained. While a computational approach was utilized 

to find the best candidate and surrogate genes to model the heterogeneous state of each tumor 

sample, two may not have been sufficient to precisely measure the heterogeneity index. 

Moreover, the in vitro CRISPR/Cas9 model provided some insights in the reduced sensitivity to 

chemotherapy after in induction of higher cell death, but an in vivo model could further prove 

this hypothesis as this would best mimic the growth conditions and environment of a tumor 

growing in a human liver.   



 86 

CHAPTER 5:  

CONCLUSIONS AND TRANSLATIONAL RELEVANCE 

 

Tumor heterogeneity is a large conundrum for all cancer types when designing the most effective 

therapies to improve patients’ lives. In particular, our lab focuses on the mechanisms of liver 

cancer development. Liver cancer is one of the few and fastest neoplastic malignancy to continue 

to rise in incidence in the United States and across the world (136). Today, approximately 75% of 

new cases will die of liver cancer, making it the 2nd most common cause of death from cancer 

worldwide (137). A highly heterogeneous disease, hepatocellular carcinoma (HCC) is the more 

common subtype of liver cancer and research lacks information on the prominent drivers that 

promote disease progression leading to limited therapeutic options. However, common yet 

diverse risk factors have been identified that promote tumor heterogeneity which include hepatitis 

B or C viral infection, liver flukes, diet, and alcohol. Together, these factors lead to cirrhosis of the 

liver, ultimately putting individuals at risk of developing liver cancer.  

 

The work presented in this thesis aimed to lessen the gap between our understanding of tumor 

heterogeneity in primary liver cancer, specifically HCC. Here, I present a new and unconventional 

way of thinking about one of the possible drivers of tumor heterogeneity, which is cancer cell 

death. I hypothesized that cell death may be a common trigger to induce cancer cell heterogeneity 

within each tumor ecosystem for its fitness and survival. This idea was inspired by the concept 

that nature uses fire to promote biodiversity (97). This concept, introduced by Martin and Sapsis 

27 years ago, suggests that increased spatial and temporal variation in fires results in a greater 

variety of ecological niches and thereby supports the coexistence of a greater number of species. 

It also argues that higher biodiversity leads to a healthier ecosystem and better survival of its 

inhabitants.  
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To test this hypothesis, we measured the degree of apoptotic cells as a function of molecular 

heterogeneity in various human tumor cell populations using single-cell RNA transcriptomic 

analysis. We analyzed publicly available human primary solid tumor single-cell transcriptome data 

derived from seven different cancer types. We also included single-cell transcriptome data from 

acute myeloid leukemia and chronic myeloid leukemia for comparison as these cell populations 

do not resemble solid tumor ecosystems. I used the Applied Biosystems TaqMan Human 

Apoptosis gene panel that consists of 92 genes involved in the initiation and execution of 

programed cell death to compute an apoptotic index (AI) as an output to quantify the levels of 

apoptotic cells for each tumor type. To measure diversity, a Tumor Shannon Entropy Index (TSEI) 

was established. I observed that, for solid tumors of seven cancer types investigated, AI positively 

correlates with TSEI, whereas dismal correlation was found between non-solid tumors. Moreover, 

liver and breast cancer had the highest correlation value and most significant p-value with plotted 

separately. Based on these observations, the results show a clear association between tumor cell 

apoptotic potentials and population diversity. In addition, an apoptosis signature is associated 

with survival of patients across various cancer types using bulk transcriptome data from The 

Cancer Genome Atlas. Our results are consistent with the hypothesis that cell death may promote 

tumor cell biodiversity which in turn can lead to tumor aggressiveness. It raises the question as 

to whether a limited induction of cell death commonly triggered by therapeutic agents to target 

tumor cells is a viable strategy to eradicate solid tumors.  To further expand upon these findings, 

I validated whether increased cell death is linked to tumor diversity in tissue microarrays of liver 

cancer patients using the in situ RNAScope® assay. To identify markers to use for in situ 

RNAScope® staining, a robust computational approach was utilized and CASP3 was selected as 

the cell death marker and CDKN3 and PRC1 were selected as heterogeneity surrogates for each 

tumor sample due to their highly variable and tumor specific expression. Similar to the findings in 

Chapter 3, I found that the percent CASP3 positivity in tumor samples was positively associated 

with its corresponding Shannon Index (a diversity metric) in our LCI as well as in our TIGER-LC 
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cohorts. I also investigated the spatial landscape of cell death and heterogeneity and found that 

tumors that were more diverse were in closer proximity to an apoptotic island and that this 

phenomenon was associated with survival. Moreover, I developed a creative selectively controlled 

model of cell death using CRISPR/Cas9 and found that increased levels of cell death led to 

greater resistance to chemotherapy as well as higher growth in hypoxic conditions in 2-D and 3-

D cultures. Ongoing work in the lab (which is highlighted in the next chapter) consists of 

conducting CO-Detection by indexing (CODEX) multiplex immunofluorescence of 21 immune, 

tumor, cell death, and proliferative markers to further investigate how apoptosis influences its 

surrounding immune environment to diversify a tumor population as well as further delineate the 

spatial context of HCC tumors. Through this current analysis, we identified 18 unique cellular 

subtypes using Seurat clustering including never before described immune subtypes. We found 

CD45+CD45RO subtype to be significantly associated with survival. We mapped Voronoi plots to 

illustrate the spatial context of each tumor core and calculated the distances of various cell types 

to CASP3+ cells. We found similarly organized CASP3+ cells near each other to form apoptotic 

islands as well as specific immune cell types near these islands. Additionally, preliminarily cellular 

neighborhood analysis has revealed high immune diversity near apoptotic regions.  

 

Implementation of diversity within an ecosystem or at the organismal level to ensure survival and 

fitness has consistently been observed for centuries. This phenomenon known as Darwinian 

Evolution or “natural selection of the fittest” has been illustrated in cancer, in which selection of 

favorable traits that promote tumor growth and aggressiveness are common mechanisms of 

cancer cells’ continued survival. One in particular is the initiation and continued ability for a tumor 

to maintain a heterogeneous state, making therapeutic interventions unsuccessful. Deciphering 

the drivers of cancer cell diversity has been challenging as it is unclear whether a common 

mechanism exists to drive cancer cell heterogeneity for the fitness and survival of a given tumor 

cell community (96). One potential common mechanism may be cell death. It is plausible that 
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cancer cells may use cell death as a means to gain a greater number of resources to survive as 

well as initiate the removal of competitors of resistant cells, commonly known as “competitive 

release”(128). This may then trigger a stress-induced environmental response to gather additional 

resources from the surroundings to return cancer cell maintenance back to homeostatic levels 

while at the same time remodeling the tissue microenvironment to their competitive advantage. 

In return, this selective mechanism may then instigate a greater level of tumor heterogeneity as 

vacant niches become available for more aggressive and diverse sub-clones that are able to 

bypass the previous cell death sweep to repopulate these regions, fueling an environment of 

greater heterogenic potential (Figure 18) (108). Moreover, there has been evidence that when 

cells undergo apoptosis, their apoptotic bodies released into the microenvironment can fuel a 

proliferative and growth induced mechanism to its nearby cells, which can further increase the 

propensity of tumor heterogeneity in that ecosystem (Figure 18)  (122).   

 

We further believe cancer cells may behave in a collective manner with the creation of 

“apoptotic islands” that initiate cell death in certain regions of a tumor to further its diversity and 

microenvironmental heterogeneity much like how cooperativity and symbiosis have long been 

observed in organismal species as a mechanism for survival. For example, fish swimming 

together can go faster and consume less energy than each individual fish swimming alone and 

birds participate in cooperative breeding, where other birds help with building and nurturing of 

the nest to sustain the life of the young (134, 135). These observations seen in nature are also 

evident in the cooperativity and coordination of malignant and nonmalignant cells within a tumor. 

The collective behavior of a group of cells verses a few cells is greater—similar to Aristotle’s 

famous quote “the whole is greater than the sum of its parts”—and can further promote tumor 

evolution and survival. Although it may require more time and resources to assemble a group of 

cells to cause a particular effect in a tumor, the ending results may outweigh the initial costs. 
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Figure 18. Hypothetical model of how apoptotic cell death can lead to tumor diversity. 
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Contrary to common thinking, in which more cancer cell death is considered as a favorable 

outcome for cancer patients, I am challenging the role of cell death as protumorigenic due to its 

potential ability to make tumors more heterogeneous and more resistant to therapy. Recent 

literature has also proposed this idea as cell death being an oncogenic process rather than tumor 

suppressive (Figure 19) (73). This is contrary to one of the fundamental hallmarks of cancer which 

is avoiding programmed cell death and raises questions on the key roles cell death has in cancer 

development. These ideas, along with the data presented in this thesis have enormous 

implications for how we treat cancer today. 

 

Each aim for this thesis sought to answer key questions regarding a potential new driver, cell 

death, of tumor heterogeneity. Moving forward, additional questions and experiments are 

warranted to dive deeper into specific mechanisms apoptotic cell death can lead to tumor 

heterogeneity. One hypothesis of how apoptotic cell death can lead to increased heterogeneity is 

through the release of apoptotic bodies to the surrounding environment. Evidence has emerged 

that apoptotic bodies can fuel cancer stem proliferation through caspase-dependent production 

of Wnt8a-containing apoptotic bodies which drives cellular division (122). However, this is one of 

the few studies to investigate the role of apoptotic bodies in fueling cancer growth. Thus, further 

experiments are needed to decipher more functional roles of apoptotic bodies as techniques to 

measure extracellular vesicles have been developed. Another hypothesis that can be explored is 

the idea of the removal of major clones through cell death that leaves behind a vacant niche for 

minor clones to expand. To test this theory, an in vivo model could be used with barcoded single-

cell cancer clones. Here, upon inoculation of tumor cells into a mouse, cancer clones could be 

monitored to see which ones are major clones vs minor clones. Then therapeutic intervention 

would be initiated to remove the major clones followed by monitoring of the minor clones to see 

which ones expand. These clones could be then isolated, and its single-cell gene expression 

measured to see what genotypic differences they exhibit that allowed them to expand and  
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Figure 19. Pro-oncogenic roles of apoptotic cell death. Adapted from Ichim, G. and Tait, 

S.W. (2016) A fate worse than death: apoptosis as an oncogenic process. Nat Rev Cancer 16 

(8), 539-48. 
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promote a more aggressive phenotype. This model could also be used to determine what level of 

cell death is needed to remove some cancer cells but not all and establish a more stable growth 

over time. These results could shed light on the need to treat cancer more as chronic disease, 

rather than the current standard of care practices that seeks to maximum cell death at each 

treatment dose. Moreover, the preliminary results illustrated from the CODEX staining could also 

reveal new insights and a greater understanding on the spatial architecture of HCC tumors. Lastly, 

further exploration on the Darwinian selection of traits within cancer cells could also be 

investigated through the similar principles of the grandmother hypothesis in which over time hosts 

may be selected for that suppress tumor growth and evolution which then these genetic traits may 

be passed on to future generations (138).  

 

The findings presented in this thesis have enormous implications of how we treat cancer patients 

today. The current standard of care practices seeks to destroy all cancer cells by using the 

maximum tolerated dose or combination-based therapy for each patient. However, this method, 

may in fact, make tumors more resistant to future treatments. This reasoning is not new and is 

currently being investigated in the clinic today through incorporating adaptive and evolutionary 

based treatment practices to minimize the long-term effects of cancer progression.  The results 

of this thesis raise important questions as to whether the current approaches taken to treat cancer 

patients (maximum tumor cell death) are the most suitable and provide the greatest benefit. Thus, 

it is vital that we continue to investigate the role of cell death in liver cancer development and is 

paramount that we incorporate the evolutionary mechanisms cancer cells utilize to maintain their 

survival and longevity so that cancer deaths may be a thing of the past.  
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CHAPTER 6: 

FUTURE DIRECTIONS OF SINGLE-CELL IMMUNE PROFILING REVEALS DISTINCT 

HETEROGENEITY AND SPATIAL ORGANIZATION IN HEPATOCELLULAR CARCINOMA 

 

6.1 Introduction 

The work presented in this chapter represents hypothesis-generated observational work and 

future directions of potential next steps to investigate with preliminary data presented.  

 

The complexity of tumor heterogeneity has been further appreciated with the development of 

spatial omic technologies. By being able to decipher the location of cells and how they interact 

with one another and their surrounding environment, a deeper understanding of how cancer 

evolves, how tumor cells work together to maintain their survival, and their therapy resistant 

phenotypes can be illuminated. Discovery of new ways tumor cells and its surrounding 

microenvironment interact with each other and cause differential treatment responses amongst 

patients has recently been appreciated in a study that found spatially organized immune hubs in 

colorectal cancer (CRC) (139). Here, Pelka et al. identified immune myeloid-specific hubs, or 

neighborhoods of cells, at the tumor-luminal interface that was found to be linked to tissue damage 

and mismatch repair-deficient tumors and may account for the diverse immune responses in CRC 

patients  (139). Thus, the utilization of spatial techniques can further our understanding on the 

causes and drivers of tumor heterogeneity, especially in highly heterogeneous cancers such as 

hepatocellular carcinoma (HCC) where treatment options are limited. Numerous studies have 

investigated the single-cell landscape of HCC tumors using single-cell RNAseq (scRNA-seq) and 

identified unique cell types and interactions between the tumor and its microenvironment but have 

been limited in understanding its spatial context. Thus, it has become more apparent that the 

heterogeneous nature of HCC tumors cannot only be explained by the diverse expression of 

genes but also their spatial patterns and organization of unique cell types.  



 95 

 

Spatial organization of tumor and immune cells has recently been appreciated, specifically with 

the invention of CO-Detection by indexing (CODEX), a method for spatially resolved, multiplexed 

immunofluorescence to detect protein expression of numerous markers. Here, I utilized the 

CODEX platform to investigate the spatial immune landscape of HCC tumors and their 

relationship to apoptotic islands. I stained 21 markers of various immune cells such as T cells, B 

cells, dendritic cells, macrophages as well as cell death, tumor, proliferation, and hepatocyte-

specific markers. We conducted Seurat-based clustering to identify unique subtypes of marker 

positive cells. We further analyzed the specific immune landscape near casp3+ and cleaved 

caspase 3+ cells. We next conducted a robust computational approach to identify unique cellular 

neighborhoods and their interaction with one another and computed the immune diversity near 

apoptotic regions. Together, our ongoing study illustrates a novel approach and new insights into 

the spatial context of HCC tumors and how diverse cellular neighborhoods can lead to a unique 

repertoire of tissue structure and potential functional relevance in the future.  

 

6.2 Current and preliminary results 

Selection of target panel and optimization of CODEX staining and imaging 

To investigate the immune landscape in FFPE HCC TMAs, 21 markers were selected that 

consisted of staining T cells, B cells, macrophages, epithelial cells, endothelial cells, dendritic 

cells, and hepatocytes (Figure 20A). Unique oligonucleotides were conjugated to each antibody 

for downstream detection (Figure 20B). TMAs were mounted on pre-coated coverslips and 

stained with DNA-conjugated antibodies (Figure 20C). To image each marker, three fluorescent 

tags were bounded to the complementary sequence found on a specific conjugated antibody, 

imaged, and removed to repeat the next cycle for a total of seven times to acquire expression 

data for all markers (Figure 20C). Heterogeneous expression patterns were detected in the tissue  
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Figure 20. Overview on the experimental approach of CODEX. (A) Panel of targets selected 

for staining. (B) DNA-conjugated antibodies with unique oligonucleotide sequences for specific 

detection. (C) Workflow of staining, tagging, and imaging of each target with a specific 

fluorescent color tag.  
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cores. Notably, I observed unique endothelial staining and dense regions consisting of immune 

hubs and stromal heterogeneity (Figure 21). Collectively, these data demonstrate the useability 

and utility of the CODEX platform to detect single-cell level protein expression data of unique 

immune-oncology related markers.  

 

Heterogeneous expression of CODEX markers is detected in HCC tumors 

Single-cell level and bulk expression of each marker was detected using HALO by Indica Labs. 

From these analyses, tumors cores displayed heterogeneous expression amongst the patients. 

In particular, the percent positivity (Figure 22; top panel) and average cell intensity (Figure 22; 

bottom panel) of each marker is variably expressed, indicating the unique expression of these 

proteins was successful in obtaining specific detection for each patient sample. Furthermore, the 

percent composition of eight cell types displayed variable differences amongst each patient in 

TIGER-LC cohort (Figure 23). Interestingly, some samples contained high levels of tumor cells 

while other samples exhibited higher levels of immune cells (Figure 23). Thus, the data obtained 

from CODEX proved to be specific and unique for each patient to proceed with further 

downstream analyses.  

 

Seurat UMAP clustering identifies new cellular subtypes  

To further investigate the expression patterns from the CODEX panel, all cells from the TIGER-

LC cohort underwent Seurat-based UMAP clustering to reveal similarly clustered single cells by 

cell type (Figure 24A). Next, the expression for each marker amongst each patient illustrated 18 

unique cellular clusters with previously undefined subtypes such as CD31+CD20+PRC1+ cells 

(Figure 24B). From this analysis, it appeared there contained distinctive subclasses of immune 

cells. Thus, clusters 0, 1, 2, 12, and 14 from Figure 24B were selected for further clustering. The 

results portrayed 14 immune-specific subtypes (Figure 25A) with differential expression of these 

markers (Figure 25B). For example, an endothelial and tumor-specific cluster was enriched as  
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Figure 21. Heterogeneous expression staining patterns of immune cells. 
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Figure 22. Heterogeneous expression of all markers revealed in HCC. Top panel: percent 

positive cells; bottom panel: average cell intensity. 
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Figure 23. Percent composition of cell types across patients. 
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Figure 24. Seurat clustering identifies diverse cellular subtypes from CODEX staining. (A) 

UMAP clustering in TIGER-LC cohort reveals similarly clustered single cells by cell type. (B) 

Diverse expression of CODEX markers illustrates unique cellular clusters by heatmap analysis. 
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Figure 25. Immune specific clustering reveals unique subtypes from CODEX staining. (A) 

UMAP immune clustering reveals distinct immune-specific cellular subtypes. (B) Heterogeneous 

expression of immune markers reveals unique subtypes by heatmap analysis. 
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well as a tumor-associated macrophage and cancer stem cell-specific cluster was identified. Cell 

types that specifically clustered by themselves include CD8+ T cells, CD4+ T cells, CD11c+ 

dendritic cells, and CD68+ macrophages. Together, these analyses revealed 18 unique cellular 

subtypes within the TIGER-LC cohort (Figure 26). 

 
Additionally, survival analysis was conducted to determine any biological relevance to identified 

subtypes. Patients were divided into low vs. high expression by each subtype. This analysis 

revealed CD45+CD45RO subtype to be significantly associated with survival (p-value=0.02) 

with other subtypes trending towards significance, CD163+CD20+CD31+ (p-value=0.084), 

Ki67+ (p-value=0.067), and CD31+ (p-value=0.077), respectively (Figure 27). 

 

Spatial distribution map of immune and stromal cells near apoptotic islands reveals 

unique cell-cell interactions 

To validate the formation of apoptotic islands in the CODEX staining, cell counts within a 

selected radius of a CASP3+ and cleaved CASP3+ cells were assessed. Similar to the 

RNAscope staining, I found various sizes of clusters of CASP3+ (Figure 28A; in red bubble 

dots) and cleaved CASP3+ cells (Figure 28B; in green bubble dots) across patients. To further 

assess the immune and stromal landscapes near apoptotic islands, Voronoi diagrams were 

constructed. Here, the x and y coordinated were inputted to generate a spatial map from the 

respective immunofluorescence image. Cells were classified based on specific markers and 

Voronoi diagrams generated reveals unique cellular organization (Figure 29). The density 

distribution of cells near CASP3+ cells uncovers apoptotic islands, recapitulating the RNAScope 

study of collective organization of dying cells to form islands. Interestingly, distinct cell types 

surrounded these islands. For example, in patient 505, tumor endothelial cells (TEC), tumor-

associated macrophages (TAMs), and dendritic cells were in close proximity to apoptotic islands 

(Figure 29A). On the contrary, patient 511 exhibited cleaved casp3+ cells, proliferative cells   
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Figure 26. Diverse expression of CODEX markers illustrates 18 unique cellular subtypes 

in TIGER-LC cohort. 
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Figure 27. Survival analysis identifies specific subtypes associated with patient survival.  
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Figure 28. CASP3+ (A) and cleaved CASP3+ (B) cells form clusters of apoptotic islands in 

CODEX staining.   
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Figure 29. Spatial distribution of cell types unmasks apoptotic islands and specific 

immune types near these islands. (A) Patient 505 and (B) Patient 511 representative 

immunofluorescence image with selected markers in left panel, matching Voronoi diagram in 

middle panel, and density distribution of cells from CASP3+ cells in right panel highlights key 

immune and other cell types near apoptotic islands.  
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(Ki67), and TECs near its apoptotic islands (Figure 29B). Further cell-cell interaction network 

analysis revealed tumor cells interacting strongly with CASP3+ cells as well as tumor cells and 

CASP3+ interacting with cleaved CASP3+ cells in patient 505 (Figure 30A). For patient 511, 

Ki67+ cells and cleaved CASP3+ cells interacted strongly with CASP3+ cells as well as tumor 

and Ki67+ cells interacting with cleaved CASP3+ cells (Figure 30A). The total counts of all 

interactions for these two patients can be found in Figure 28B. Together, these results highlight 

diverse interactions of apoptotic cells to its nearby environment as well as interactions between 

other cell types and ongoing work is investigating what these interactions mean functionally.  

 

CytoMap analysis identifies unique cellular patterns and tissue structure to form 12 

distinct neighborhoods 

To further investigate the spatial architecture of HCC tumors, we applied the histo-cytometric 

multidimensional analysis pipeline (CytoMap) that utilizes data clustering, dimensionality 

reduction, positional correlation, and 2D reconstruction to unmask cellular organization and 

networks (140). Through this analysis we identified 12 unique cellular neighborhoods across all 

patients in the TIGER-LC cohort (Figure 31A). We compared the Seurat cell type annotations 

(Figure 31B, left panel) to the Cytomap output map of the 12 regions/neighborhoods (Figure 

31B, middle panel) and found concordance across the cell types previously discovered to the 

cellular neighborhoods identified from CytoMap. The resulting image recreated in R from the 

CytoMap neighborhood identification mirrors the Seurat based clustering (Figure 31B, right 

panel). To assess which regions (region is synonymous with neighborhood) were in contact with 

each other, the percentage of shared border between regions was measured. 

Region/neighborhood 8 which was classified as a CASP3+ region or apoptotic island interacted 

with R2 (non-immune), R4 (tumor 2), R6 (T-cell CD8+), R7 (mixed immune cell), R11 (TEC), R5 

(DC),R3 (tumor 1), R12 (cleaved CASP3+) for patient 505. For patient 511, the apoptotic 

CASP3+ region number 8 interacted with R12 (cleaved CASP3+), R4 (tumor 2) R11 (TEC), R1  
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Figure 30. Cell-Cell interactions networks. (A) Patients 505 and 511 cell-cell interactions 

between CASP3+ (top panel) and cleaved CASP3+ (bottom panel) cells. The width of the line 

indicates the degree of interactions (larger width=more interactions). (B) The total counts of all 

cell-cell interactions for patients 505 and 511 (hetero=interacting with other; homo=interacting 

with itself).   
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Figure 31. CytoMap analysis pipeline reveals unique regions in the form of 

neighborhoods across TIGER-LC patients. (A) CytoMap clustering identifies 12 distinct 

neighborhoods by cell type depicted by the region label 1-12. (B)  Left panel: original Seurat 

clustering revealed spatial organization of different cell types; middle panel: Cytomap output 
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recreates similar spatial organization of cell types as neighborhoods; right panel: recreation of 

Cytomap output in R mirrors Seurat-based clustering. Top row is patient 505 and bottom row is 

patient 511 representative spatial maps.  
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(tumor 1), R3 (tumor 2) and the cleaved CASP3+ region interacted with R1 (tumor 1), R4 (tumor 

2), R5 (DC), R7 (mixed immune cell), R10 (TAM), R11 (TEC) (Figure 32A). The percent 

composition for each neighborhood is depicted in Figure 32B for patients 505 and 511. 

Interestingly, the apoptotic region of patient 505 interacted the most with region/neighborhood 4 

which displayed the highest Shannon Index (or diversity score). The cellular composition of 

neighborhood 4 for 505 consisted of B cells, dendritic cells, CD8+ T cells, CD4+ T cells, TAMs, 

and TECs, implicating that apoptotic regions can fuel a heterogeneous immune 

microenvironment nearby. For patient 511, its apoptotic region interacted the most with region 1, 

4, and 12 all which displayed high Shannon Indices (Figure 32C). These finding recapitulate 

similar results as in chapter 4 which found high diversity near apoptotic islands. However, this 

analysis includes immune cells in the diversity score, illustrating high immune diversity near 

apoptotic regions as well. Ongoing work is being conducted to elucidate how different immune 

and stomal cell populations interact with each other to make tumors more diverse and highly 

aggressive. 

 

6.3 Discussion 

In this current study, I sought to further my understanding on the immune and microenvironmental 

spatial landscape of HCC tumors as well as investigate immune-specific cell types near apoptotic 

islands. The purpose of utilizing the CODEX platform was to expand upon our findings in Chapter 

4 towards understanding how apoptotic and immune cells co-localize with each other to fuel a 

heterogeneous tumor population. This is the first study to our knowledge that examines single-

cell level protein staining of 21 markers in HCC FFPE tumor samples. I show that CODEX can 

generate successful staining on liver tumor FFPE samples and that each marker is detectable 

and highly specific. I demonstrate that each tumor core contains a heterogeneous mixture of 

immune, stromal, dying and tumor cell compositions and that UMAP clustering of all single cells 

clusters by cell type. Further clustering revealed 14 unique immune subtypes, totaling  
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Figure 32. Immune diversity is uncovered near apoptotic regions. (A) Left panel: region 

interaction networks of neighborhood-neighborhood interactions displays patient 505 R8 

(CASP3+) as interacting with R2 (non-immune), R4 (tumor 2), R6 (T-cell CD8+), R7 (mixed 
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immune cell), R11 (TEC), R5 (DC), R3 (tumor 1), R12 (cleaved CASP3+) which is highlighted in 

red lines. Right panel: Patient 511 apoptotic CASP3+ region number 8 interacted with R12 

(cleaved CASP3+), R4 (tumor 2) R11 (TEC), R1 (tumor 1), R3 (tumor 2) and the cleaved 

CASP3+ region interacted with R1 (tumor 1), R4 (tumor 2), R5 (DC), R7 (mixed immune cell), 

R10 (TAM), R11 (TEC). (B) Patients’ 505 and 511 neighborhood cell composition. (C) Shannon 

Index computations of neighborhoods. 
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the overall cellular types of our TIGER-LC cohort to 18, including newly discovered subtypes. 

Interestingly, specific subtypes were associated with survival. Moreover, spatial analysis revealed 

similar apoptotic islands (as those found in the RNAScope study) within the tumor core with 

specific immune compositions near these islands. Cell-cell interaction networks revealed different 

cell types interacting near apoptotic islands across patients. Next, cellular neighborhoods were 

assessed using the CytoMap analysis platform which detected 12 different neighborhoods. 

Interestingly, high immune and tumor diversity was found near apoptotic neighborhoods 

recapitulating previous findings but also expanding upon discovering immune-specific diversity 

near these neighborhoods. Further investigation of how each specific cellular immune 

neighborhood is ubiquitously associated with patient outcome and with the overall heterogeneous 

state of the tumor is currently being deciphered.  

 

It is clear that the organization and structure of tumors can be as heterogeneous as the cancer 

itself. Recently, the appreciation of incorporating spatial technologies into cancer research has 

grown. From this study and with those already published, novel discoveries have been made 

regarding the spatial organization of malignant and nonmalignant cells. Specifically, the collective 

organization of apoptotic cells does indeed influence its surrounding diversity and immune 

composition and others have shown immune-specific hubs as contributing to different disease 

onsets (139). Together, new insights have been discovered regarding the spatial architecture of 

tumors that have potential therapeutic value in the years to come.  

 

It should be no surprise that a tumor within the liver possesses a unique repertoire and 

organization of its cells because of the intricate and sophisticated architecture of a normal liver.  

In normal physiology, the liver contains five main cell types—hepatocytes, cholangiocytes, Kupffer 

cells (KCs, resident macrophages), hepatic stellate cells (HSCs), and liver sinusoidal endothelial 

cells (LSECS)—which work together to maintain proper function of the liver (141-143). More 
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specifically, the function of a normal liver largely depends on the zonal and temporal distribution 

of hepatocytes, a phenomenon called zonation (144-146). Thus, it can be inferred that a 

sophisticated spatial organization of the liver is intrinsically selected for at early development and 

can be passed on to future malignant cells that arise in the organ.  

 

The findings of this study highlight key observations on the immune spatial architecture of HCC 

tumors. Here, I identify the utility of CODEX in discovering new immune subtypes that are 

spatially organized near apoptotic islands. Further analysis of the functional meaning behind 

these distinct cellular neighborhoods is underway. Overall, our current results sheds light on the 

complex tumor and immune interactions that are influenced by the spatial proximity to one 

another.   
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