
Quantitative Single Cell Analysis of Cancerous Cells During Therapy 

 

By 

 Deon Bryant Doxie 

 

Dissertation 

Submitted to the Faculty of the 

 Graduate School of Vanderbilt University 

 in fulfillment of the requirements 

 for the degree of 

 

DOCTOR OF PHILOSOPHY 

in 

 Cancer Biology 

June 30, 2018 

Nashville, Tennessee 

 

 

Approved : 

Vito Quaranta M.D. 

Ann Richmond Ph.D. 

Mark Kelley M.D. 

Jonathan Irish Ph.D. 



   
 

 ii  
 
 

ACKNOWLEDGMENTS 

 This work would not have been possible without the financial support from the 

Vanderbilt-Ingram Cancer Center (VICC, P30 CA68485) and from the NIH/NCI (T32 

CA009592 and R25 GM062459). I am grateful to my advisor, Dr. Jonathan, who has 

provided guidance and mentorship throughout my graduate career. I am also grateful for 

the mentorship and guidance of my dissertation committee: Dr. Vito Quaranta, Dr. Ann 

Richmond, and Dr. Mark Kelley. Their guidance was instrumental in shaping my 

dissertation research. 

In addition to my dissertation committee, I am also grateful to my collaborators Dr. Pierre 

Massion, Dr. Douglas Johnson, and Dr. Mark Kelley for valuable clinical insight and the 

opportunity to work with valuable human patient samples. I am also grateful to Dr. Rebecca 

Ihrie and the current and past members of both the Irish and Ihrie labs. Their support as 

colleagues and vital feedback throughout my research played an instrumental role in the 

success of my work presented here. 

I am deeply grateful to my family and friends for their support. I thank my mother and sister, 

Gail and Jasmine Doxie, for their constant emotional support and encouraging feedback. I 

thank my father, Deon Doxie for his career advice and supporting my decisions. I thank my 

friends for being a source of support during my graduate training. My success would not 

have been possible without them. 



   
 

 iii  
 
 

PREFACE 

 In this dissertation, I discuss the impact of high dimensional cytometry in cancer 

research and utilize this approach to dissect cellular heterogeneity from several solid 

tumors. Ideally, a single cell systems biology approach may reveal novel cell populations 

containing a cellular mechanism of therapy evasion and disease relapse. This work 

includes unpublished, submitted, and published peer-reviewed data. The submitted and 

published data discussed within the body of this dissertation is in the same form as 

prepared for publication (Chapters 2-5). Many colleagues and collaborators played a major 

role in the development and success of this work. My work with clinical investigators Dr. 

Mark Kelley, Dr. Douglas Johnson, and Dr. Pierre Massion merits special attention here. 

The results of those respective collaborations are discussed in Chapters 3, 5 and the 

Appendix. 

 Chapter 1 introduces the significance of cellular heterogeneity in cancer and an 

overview of how melanoma heterogeneity contributes to disease outcome. This chapter 

also briefly introduces single cell analysis approaches, including cytometry analysis, 

discussed in detail in Chapter 2 and utilized throughout Chapters 3, 4, and 5. High 

dimensional analysis computational tools, such as viSNE and FlowSOM, are also 

introduced as a means to dissect heterogeneity with minimal human bias in Chapter 5.  

 Chapter 2 entitled, “High dimensional single cell cancer biology”, is a published 

review that discusses the single cell biology view of cancer using flow cytometry 

techniques. This chapter was written when mass cytometry and phospho-flow cytometry 
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had not previously been applied to study cells from solid tumors. However, the Future 

Directions section envisions application to study solid tumors as shown in Chapter 5. The 

review article was written to summarize the benefits and caveats of this approach, to 

update the field on new features that could be measured, and to introduce mass cytometry, 

which was also new at the time, having been introduced in 2011. The single cell analysis 

approaches discussed in this chapter  cover methods to characterize cell identity, post-

translationally modified signaling proteins, cell cycle status, proliferation, apoptosis, and 

biomarkers of clinical relevance creating the “single-cell systems biology” view of cancer. 

This review also discusses several peer-reviewed examples that reveal cancer subsets that 

affect patient prognosis and therapy response. With the range of therapeutic options for 

cancer rapidly growing, this review demonstrates that single cell techniques could become 

a critical asset for the next generation of cancer treatments. 

 Chapter 3 entitled “Melanoma signaling and novel Implications for immunotherapy 

prognosis”, describes the development of phosphow-flow analysis to dissect melanoma cell 

signaling and identification of abnormal signaling features associated with an 

immunotherapy poor prognosis phenotype.  Collaboration with Dr. Doug Johnson and Dr. 

Justin Balko led to the discovery that patients with a melanoma cell immune interaction 

phenotype predicted a more favorable outcome in response to anti-PD-1 immunotherapy. 

My role in this work was to identify a potential molecular mechanism of therapy evasion for 

melanoma cells. This research revealed cells without the immune interaction phenotype 

displayed unexpected oncogenic signaling responses. This method was useful to develop 

for this thesis, as I subsequently applied solid tumor phospho-flow to measure signaling in 
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the cells from primary human melanoma tumors (Chapter 5). In addition, this work provided 

support for including MHC II and MHC I in the studies in Chapter 5. 

 Chapter 4 entitled “Single cell analysis of human tissues and solid tumors with mass 

cytometry,” describes the systematic development of dissociation methods to release viable 

adherent cells into suspension for mass cytometry analysis. This work revealed that solid 

tissues release the most viable cells with enzymatic digestion using collagenase and 

DNase. Furthermore, IHC analysis revealed a comparable abundance of stromal cells as 

mass cytometry analysis. Results from this work enabled the development of a workflow 

utilized in a clinical study of human melanoma in Chapter 5.  

 Chapter 5, entitled “BRAF and MEK inhibitor therapy eliminates nestin expressing 

melanoma cells in human tumors,” utilizes approaches in Chapters 1-4 to characterize 

dabrafenib and trametinib responses in BRAFV600mut melanoma. Tumors were biopsied 

before and immediately after four weeks of therapy to identify and characterize cell 

populations that escaped therapy. Analysis with mass cytometry and computational tools 

revealed consistent changes in cancer heterogeneity and a significant increase in 

infiltrating immune T cells. Melanoma cells that escaped therapy showed significant loss of 

nestin expression and typically lacked immune interaction protein MHC I. Furthermore, IHC 

analysis revealed a comparable loss of nestin as mass cytometry analysis. Taken together 

the discovery of a cellular phenotype that evaded targeted therapy led to new mechanistic 

hypotheses of targeted therapy resistance. 

 Chapter 6 summarizes the findings from Chapters 2-5 and elaborates on future 

directions of this work. In particular, I will discuss how this approach can be applied to 
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patient samples and xenograft models receiving combination targeted therapy and 

checkpoint immunotherapy. Furthermore, I will hypothesize what cellular phenotypes may 

escape these therapies and discuss how cellular reprogramming aides in evasion from 

therapy. 

 Appendix A applies techniques developed within this dissertation in a collaborative 

project to dissect human adenocarcinoma tumor heterogeneity. This research 

demonstrates how the utility of approaches discussed in this dissertation are also 

applicable to other solid tumor types with more challenging adhesive characteristics. Work 

is in progress to define phenotypes within the epithelial and leukocyte populations that 

could predict tumor behavior and immune response within the microenvironment. 
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CHAPTER I 

 

INTRODUCTION 

The biological and clinical significance of cellular heterogeneity in cancer 

 Innovative immune and targeted therapies have the potential to dramatically 

increase patient survival, however, complete long-lasting responses are rare in most late-

stage cancers (Garraway and Janne, 2012). To identify cellular mechanisms of therapy 

resistance, recent advances in technology have prioritized the study of cellular 

heterogeneity. To date, high rates of subclonal genetic heterogeneity are associated with 

more aggressive disease in several cancers including head and neck squamous 

carcinoma, adenocarcinoma, and chronic myeloid leukemia (Landau et al., 2013; Mroz et 

al., 2013; Yoon et al., 2012). In some cases, genetic aberrations don’t necessarily change 

protein expression or cell behavior (Zhang et al., 2014a).  

 Historically therapeutic resistance was thought to be associated exclusively with the 

selection of a rare subset of cells that acquire a mechanism of resistance. Only recently has 

the field identified that some therapies may give rise to a more diverse pool of subclonal 

populations. Most notably, genetic variation has been shown to increase in CML after 

chemotherapy, and several BRAF inhibitor resistance mechanisms have been found to co-

exist in the same patient with metastatic melanoma after therapy (Landau et al., 2013; 

Rizos et al., 2014; Shi et al., 2014). However, in some cases, there is no clear genetic 

cause for resistance (Shaffer et al., 2017). For example in melanoma and lung cancer, 
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therapies have been shown to temporarily reprogram tumor behavior and cellular 

phenotypes in response to therapy (Oser et al., 2015; Song et al., 2017). A key question 

that has risen in the field is “does therapy change cell identity”? I will not be able to 

conclusively answer this, but my findings taken in context with the field suggest cellular 

plasticity also plays a role in therapy evasion. 

Single cell analysis and cancer 

 Historical methods to analyze tumors create a global view of tumor characteristics 

from bulk analysis of cancer and stromal cells within a tumor. Single cell analysis 

approaches in cancer research aim to identify and characterize complex cell phenotypes, 

isolate novel cell populations and dissect underlying cellular mechanisms of disease 

progression (Irish and Doxie, 2014). The advantage of this approach is the signature 

features specific to individual populations of cells can be identified, and features of a rare 

population of cells are less likely to be masque by more abundant cells. A more thorough 

discussion of single cell detection, quantification, and experimental considerations is 

discussed in detail in Chapter 2. 

 Single-cell RNA-seq, multiplex imaging, and cytometry analysis platforms have 

continually improved to meet the demand for single-cell analysis approaches. Single-cell 

RNA-seq provides a quantitative comprehensive view of the transcriptome of a cell, 

however, transcript levels don’t always correlate with protein expression (Koussounadis et 

al., 2015; Zhang et al., 2014a). Fluorescence-based multiplex imaging analysis can detect 

an array of proteins from single cells and their proximity to neighboring populations. 

However, single cell quantitative imaging in tissues is challenging with standard methods to 
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identify cell nuclei (Gross et al., 2016). Flow cytometry and mass cytometry simultaneously 

detect hundreds of cells per minute, and mass cytometry (CyTOF) detects >30 features 

without the need to correct for overlapping emission spectrum (Bendall et al., 2011; 

Bjornson et al., 2013; Leelatian et al., 2017a). For these reasons, mass cytometry was 

chosen as the primary analysis approach. 

 Flow and mass cytometry can yield an immense amount of data that traditionally 

requires a user to manually identify and group populations of cells with biaxial gating. While 

this approach is quick and easy to visualize, this approach may reveal differences in user 

gating, and less studied systems may contain heterogeneous cell populations overlooked 

by biaxial gating (Diggins et al., 2015). To meet this challenge high dimensional data has 

driven the development of several computational tools to facilitate subset visualization, 

discovery, and characterization where pairwise biaxial gating would be inefficient. To map a 

2D representation of high-dimensional data, and conserve the structure of the data, 

dimensionality reduction tool viSNE has been adapted for flow cytometry and single cell 

RNA-Seq using the tSNE algorithm (t-distributed stochastic neighbor embedding) (Amir el 

et al., 2013). Dimensionality reduction tool viSNE has been shown to identify subsets of 

murine immune cells, tonsillar cells, and pancreatic cells (Becher et al., 2014; Wang et al., 

2016; Wogsland et al., 2017). Furthermore, several clustering tools have been adapted for 

cytometry data to reduce human bias and facilitate novel subset discovery including 

SPADE, PhenoGraph, and FlowSOM (Levine et al., 2015; Qiu et al., 2011a; Van Gassen et 

al., 2015b). While many tools have been developed to dissect high dimensional data to 

define populations for downstream analysis, some approaches suffer from clustering 
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accuracy and computational efficiency in dense data sets. Among the many clustering 

algorithms tested with peer-reviewed data sets, performance comparison analysis has 

shown that FlowSOM had among the fastest runtimes and reproducible results (Weber and 

Robinson, 2016). Because FlowSOM and viSNE analysis have been shown to efficiently 

dissect heterogeneous cell populations, both tools were used in a sequential analysis 

workflow to visualize and discover cell subsets discussed in Chapter 5.  

Addressing the need for single cell analysis in metastatic melanoma 

 Cutaneous melanoma is a serious skin disease thought to be derived from the 

pigment producing melanocyte cell (Mort et al., 2015). Unlike most malignancies today, 

incidence and death rates of melanoma continue to rise (Erdmann et al., 2013). Primary 

melanoma tumors that are diagnosed early are considered treatable with surgical resection.  

However, melanoma tumors have been observed to rapidly progress into late stage 

metastatic disease (Shaw et al., 1987). For those diagnosed with late-stage melanoma, the 

prognosis is poor, with median survival less than 10 months before the advent of targeted 

and immunotherapies (Sandru et al., 2014). 

 The primary risk factor for melanoma incidence is ultraviolet (UV) radiation from 

sunlight (Situm et al., 2007). It is thought that UV radiation contributes to melanoma 

disease progression through  DNA damage and inflammation (Garibyan and Fisher, 2010). 

Furthermore, UVA radiation in sunlight has also been shown to mediate DNA damage 

through the formation of reactive oxygen species (Afanas'ev, 2010). Other than sunlight 

exposure, artificial UV lamps, drug induced photosensitivity reactions, and cosmetic 

ingredients are risk factors for melanoma formation (Volkovova et al., 2012).  In addition to 
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environmental exposure, approximately 15% of melanoma cases occur in patients with a 

history of melanoma in their family (Goldstein and Tucker, 2001). To date, the germline 

mutations CDKN2A or CDK4 have been associated with an inherited predisposition for 

melanoma (FitzGerald et al., 1996). Finally, melanomas also display among the highest 

rates of mutation which could be an additional risk factor for malignant cells to arise 

(Lawrence et al., 2013). 

 Melanoma, are frequently associated with heterogenous features at both the 

genomic and proteomic level. Genetic heterogeneity has been thought to arise from 

ongoing genomic instability promoting the development of subclones and intratumor 

heterogeneity (Marusyk and Polyak, 2010). For example, intratumor heterogeneity in the 

expression of mutant BRAF and NRAS proteins,  drivers of oncogenesis,  have been 

observed in lesions from the same melanoma patient (Wilmott et al., 2012). Other than 

mutations, patterns of protein and gene expression have been identified in melanoma that 

correlates with melanoma cell proliferation and invasion. Within the same tumor, cells with 

a proliferating phenotype marked by expression of SOX10 and MITF have been observed 

alongside melanoma cells with an invasive phenotype characterized by expression of AXL 

(Verfaillie et al., 2015). Furthermore, heterogeneity in immune related genes, such as PD-

L1 and human leukocyte antigen (HLA), is associated with differential responses to immune 

and targeted therapies (Madore et al., 2015; Reuben et al., 2017). Another important 

consequence of melanoma tumor heterogeneity is tumors with more diversity are less likely 

to respond to therapy (Reuben et al., 2017). Overall, cellular heterogeneity is an additional 

obstacle to the effective treatment of patients.  
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  Before the introduction of targeted and immune therapies patients with melanoma 

were observed to be largely unresponsive to conventional chemotherapies.  However, the 

discovery of BRAF mutations in 60% of patients’ benign nodal nevi and metastatic 

melanoma lead to significant advancements in melanoma treatment (Hodis et al., 2012). 

BRAF mutations deregulate MAPK signal transduction and extensively alter transcriptional 

programs (Davies et al., 2002; Wan et al., 2004). BRAF inhibitors designed to target mutant 

BRAF have been observed to initially reduce tumor volume in melanoma patients with 

BRAF V600E mutation.  However, most patients experience brief remission followed by 

progression (Chapman et al., 2011; Sosman et al., 2012). Due to the frequency of restored 

MAPK signaling observed after therapy, combination therapy with MEK inhibitors was 

hypothesized to reduce the likelihood of resistance to develop. While combination therapy 

successfully increased patient survival up to 12 months, patients invariably relapsed and 

suffered from increased symptoms of toxicity (Flaherty et al., 2012; Robert et al., 2015a). 

Other pathways are currently being evaluated as possible treatment strategies, however, 

long-lasting treatment responses with immunotherapy suggest curative treatment strategies 

will need to address suppressed immunity as well (Robert et al., 2017). 

 Melanomas are widely regarded as immunogenic and are observed to activate 

adaptive immune responses (Blankenstein et al., 2012). In melanomas, tumor associated 

antigens like MAGE or differentiation antigens like tyrosinase have been identified as 

specific target of cytotoxic T cell recognition (Kang et al., 1995; van der Bruggen et al., 

1991). However, it wasn’t until the recent success of immune targeted therapies, discussed 

in detail below, that the field embraced the idea that the immune system plays an important 
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role in melanoma treatment responses. T cell infiltration in melanoma tumors revealed 

patients had better long-term survival, however, characterization of T cell function revealed 

some cells displayed suppressed activity (Azimi et al., 2012; Baitsch et al., 2011). These 

observations support the hypothesis that the immune system is responsible for elimination 

of malignant cells. Today this hypothesis has developed into the immunoediting hypothesis 

that suggests the immune system protects against cancer development and influences the 

characteristics of the emerging tumor (Mittal et al., 2014). The mechanism of 

immunoediting consist of three phases of disease progression where cells escape 

elimination, establish equilibrium through dormancy, and escape via immunosurveillance or 

immune suppression (Mittal et al., 2014). Moreover, immune profiles of the 

microenvironment have revealed dynamic changes in immune cell content as disease 

progresses. High abundance of CD8 T cells and NK cells are observed during tumor 

dormancy, however, FOXP3 T regulatory cells and myeloid derived suppressor cells are 

present during disease progression (Wu et al., 2013). These observations have led to the 

creation of several types of immune therapies that aim to restore immune system 

dysfunction in melanoma. 

 To improve cytotoxic function of T cells, melanoma patients were treated with IL-2. 

While some patients exhibited loss of tumor burden, this approach came with high risk of 

toxicity (Kammula et al., 1998). IFN was introduced to increase immune recognition of 

malignant cells, however, the overall response rate was 23% (Alexandrescu et al., 2010). 

Vaccinations have also been utilized to improve immune cell recognition of melanoma.  

However, vaccinations against the melanoma antigen NY-ESO-1 revealed new tumors lost 
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the NY-ESO-1 antigen. This study provided evidence of that ongoing immune editing 

events enable the loss of immune surveillance (von Boehmer et al., 2013). Finally, adoptive 

transfer of T cells (ACT) is another major advancement for immune therapy that utilizes the 

expansion of autologous tumor specific T cells. After ex-vivo expansion of T cells and 

depletion of lymphocytes in the patient, tumor specific T cells are returned the patient 

(Bernatchez et al., 2012). In a clinical trial of melanoma, ACT therapy resulted in 51% of 

patients with complete or partial responses (Dudley et al., 2005). T cells engineered to 

express T cell receptors against tumor antigens have also been demonstrated to create 

long lasting responses to therapy (Robbins et al., 2011).  

  Monoclonal antibodies have become available that specifically target immune 

checkpoints that suppress T cell function. Checkpoint inhibitor anti-CTLA4 (ipilimumab) 

improved overall survival to 10 months, however, some patients failed to respond or began 

to show signs of auto-immune side-effects (Hodi et al., 2010). Anti-PD-1 and anti-PDL1 

inhibitors have also been developed to restore cytotoxic T cell interaction with cancer cells. 

While both therapies increase patient survival, these therapies rely on pre-existing T cell 

infiltration, the presence of PDL-1 expressing cells, or free antigen to be effective (Mahoney 

et al., 2015). Due to the success of small molecule inhibitors and immunotherapies, the 

current therapeutic landscape for patients includes testing combination therapies containing 

a MAPK inhibitor and immune checkpoint inhibitor (Kim et al., 2014; Ribas et al., 2016).   

 The array of resistance mechanisms documented in melanoma after targeted 

therapies and immunotherapies, suggests multiple paths of branched evolution can initiate 

relapse (Hugo et al., 2015; Shi et al., 2014). In addition, many tumors may progress without 
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a clear genetic mechanism (Rizos et al., 2014). These observations suggest that several 

melanoma subsets that evolve to survive therapy are more likely to be responsible for 

relapse, and aggregate analysis of bulk tumor populations is insufficient to dissect the 

evolution of resistance. Technological advances have led to the development of several 

platforms to dissect tumor heterogeneity. For example, single cell transcriptional profiling of 

melanoma tumor cells has identified resistant cells in patients’ melanoma tumors after 

relapse, however, these studies don’t necessarily report overlapping cell phenotypes from 

relapse samples (Hugo et al., 2015; Tirosh et al., 2016). One hypothesis that could explain 

this observation is the time between remission and relapse enables persisting cells to 

develop a broad array of cellular phenotypes more fit to survive therapy. 

 This research introduces the application of mass and flow cytometry analysis to 

dissect melanoma diversity by measuring signaling proteins and proteins of cell identity. 

Ideally, by dissecting complex cellular phenotypes with multidimensional analysis tools, I 

aim to identify signature features of populations to track melanoma cell subsets that evade 

therapy. Since the most melanoma tumors exhibit significant loss of tumor burden followed 

by rapid progression, I hypothesized cells not eliminated would be identified by a consistent 

pattern of protein expression. The remaining Chapters in this dissertation build on this idea 

with a thorough primer of high dimensional single cell analysis in Chapter 2. Development 

of phosphow-flow analysis to dissect melanoma cell signaling networks, and cancer cell 

signaling features associated with immunotherapy prognosis in Chapter 3. Chapter 4 

includes the systematic development of dissociation methods for solid tumors to release 

viable single cells into suspension for mass cytometry analysis. In Chapter 5 approaches 
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demonstrated in the previous Chapters were utilized to characterize dabrafenib and 

trametinib response in BRAFV600mut melanoma. By simultaneously measuring several 

proteins in thousands of cells cytometry analysis revealed targeted therapy was revealed to 

clear Nestin-expressing melanoma cells, which are considered a hallmark of aggressive, 

metastatic melanoma.  Persisting subsets after targeted therapy also lacked surface 

expression of MHC I, which may inform strategies for combining targeted therapy and 

immunotherapy. Together the work presented here provides a novel view of melanoma 

revealing new in vivo biology of melanoma cells that can be used as a reference point for 

patient-derived xenograft and cell line research models. 

 

Figure 1-1 Single cell analysis of melanoma tumors. Mass cytometry analysis and other multidimensional 

analysis tools quantify key biomarkers of heterogeneous populations simultaneously with single cell 

resolution. Using >30 features any cellular biomarker can be quantified in heterogeneous cellular populations 

from tumors, xenografts, or early passage cell lines. Another advantage of cytomic approaches is that 

cytometry analysis can define key biomarkers of major populations, track therapy insensitive subset 

phenotypes, and dissect intracellular signaling pathways. 
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CHAPTER II 

 

HIGH-DIMENSIONAL SINGLE-CELL CANCER BIOLOGY 

Authors: Deon B. Doxie and Jonathan M. Irish 

Reprinted by permission from Springer Nature: Springer, Berlin, Heidelberg, High-

Dimensional Single-Cell Analysis. Current Topics in Microbiology and Immunology, Doxie 

DB and Irish JM. 2014 

Preface 

The study of metastatic melanoma and other cancers after relapse suggest, despite an 

initially favorable response to therapy, some patient’s disease progresses because cancer 

subsets escape therapy. For this thesis research, I selected high dimensional cytometry 

analysis as the primary method to dissect and track cellular heterogeneity from hundreds of 

thousands of cells. The following chapter was written when mass cytometry and phospho-

flow cytometry had not previously been applied to study cells from solid tumors.  The review 

article was written to summarize the benefits and caveats of this approach, to update the 

field on new features that could be measured, and to introduce mass cytometry, which was 

also new at the time, having been introduced in 2011.  The only published examples 

available were from blood cancer.  However, the Future Directions section envisions 

application to study solid tumors.  Thus, this chapter introduces in general how a single cell 

analysis approach enables a multiplex view of single cell identity, signaling proteins, cell 

cycle status, proliferation, apoptosis, and biomarkers of clinical relevance creating “single-

cell systems biology” view of cancer. This review also discusses cytometry experimental 

methodology and explores several applications of cytometry techniques in a translational 
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cancer research setting. As novel treatment strategies continue to develop the content 

discussed here may bring valuable insight in evaluating therapeutic treatment responses. In 

summary, the review presented here describes the first step in my overall goal to identify 

and track cancer cell subsets that escape therapy. 

 

Abstract 

Cancer cells are distinguished from each other and from healthy cells by features that drive 

clonal evolution and therapy resistance.  New advances in high-dimensional flow cytometry 

make it possible to systematically measure mechanisms of tumor initiation, progression, 

and therapy resistance on millions of cells from human tumors.  Here we describe flow 

cytometry techniques that enable a ‘single-cell systems biology’ view of cancer.  High-

dimensional techniques like mass cytometry enable multiplexed single-cell analysis of cell 

identity, clinical biomarkers, signaling network phospho-proteins, transcription factors, and 

functional readouts of proliferation, cell cycle status, and apoptosis.  This capability pairs 

well with a signaling profiles approach that dissects mechanism by systematically 

perturbing and measuring many nodes in a signaling network.  Single-cell approaches 

enable the study of cellular heterogeneity of primary tissues and turn cell subsets into 

experimental controls or opportunities for new discovery.  Rare populations of stem cells or 

therapy resistant cancer cells can be identified and compared to other types of cells within 

the same sample.  In the long term, these techniques will enable tracking of minimal 

residual disease and disease progression.  By better understanding biological systems that 

control development and cell-cell interactions in healthy and diseased contexts, we can 
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learn to program cells to become therapeutic agents or target malignant signaling events to 

specifically kill cancer cells.  Single-cell approaches that provide deep insight into cell 

signaling and fate decisions will be critical to optimizing the next generation of cancer 

treatments combining targeted approaches and immunotherapy.   
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Introduction 

Single-cell approaches reveal the heterogeneity inherent in primary tissues and tumors and 

provide the means to characterize complex phenotypes, isolate rare populations, and 

dissect underlying mechanisms.  Especially critical for cancer research is the ability to track 

mutations and epigenetic events that confer hallmark attributes required for aggressive 

growth, malignancy, and therapeutic resistance (Hanahan and Weinberg, 2011).  These 

changes impact network architecture and confer signatures that can be associated at the 

single-cell level with clinical features of each patient’s disease (Irish et al., 2006a).  Nearly 

all cellular features relevant for cancer research can now be measured on a per-cell basis 

(Table 1).  A major advantage of a multidimensional, single-cell approach is that it allows 

determination of whether an abnormal trait in cancer, such as oncogenic signaling or a 

gene mutation, exists in all cells or is restricted to a cell subset (Fig. 1).  As each piece of 

knowledge added per cell can dramatically improve the power to understand an 

experimental result (Krutzik et al., 2004), there has been a drive to expand the number of 

simultaneous per-cell measurements that can be made (Bendall et al., 2011; Perfetto et al., 

2004).  The creation of single-cell network profiling techniques has led to important 

breakthroughs in blood cancer, where flow cytometry techniques are straightforward to 

apply.  There is an urgent need now to apply these tools more widely to the challenges of 

early detection and analysis of solid tumor cell signaling, tumor immunity, transformation to 

aggressive disease, and metastasis.  High-dimensional flow cytometry approaches 

complement rapidly developing multiplex imaging cytometry tools (Gerdes et al., 2013; 

Gerner et al., 2012) and single-cell genetic tools (Kalisky and Quake, 2011; Wu et al., 

2014).  The promise of these techniques for precision medicine is great, but they also 
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create the challenge of integrating results from multiple high-dimensional, single-cell 

quantitative techniques.  Here we provide a primer for applying high-dimensional, single-

cell flow cytometry in translational cancer research. 

 

Figure 2-1. Multidimensional single-cell analysis pinpoints tumor cell signaling. In this example of 

10 representative tumor cells analyzed under five stimulation conditions, oncogene expression marks 

three distinct populations of cells with contrasting signaling responses. In the top row, the number in each 

cell indicates the level of signaling in that cell under each condition. These values lead to the results 

shown as “Signaling”.  An aggregate analysis might mistakenly be interpreted to suggest that three of the 

conditions (Stim B, 0.5X Stim A, and Stim A + Drug) elicited the same signaling responses.  However, the 

single-cell view reveals key subset-specific signaling differences.   For example, the signal from Stim B is 

not half as effective as Stim A.  Stim B is completely effective at stimulating one subset and ineffective at 

stimulating another.  The oncogene-high cells are hypersensitive to Stim A and non-responsive to Stim B.  

Similarly, the partial effect of the Drug is due to complete inhibition of one subset and no inhibition of 

another.  Adapted from (Krutzik et al., 2004). 
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Single-Cell Quantification of Cancer Hallmarks 

A vast array of cellular features can now be detected by flow cytometry (Table 1).  Using 

mass cytometry and other high-dimensional techniques enables sets of 30 or more of these 

features to be measured at the single-cell level simultaneously.  Each new feature 

measured brings the potential to better dissect the cellular heterogeneity of a tumor (Fig 1).  

These features can be generally categorized as markers of cell identity, surrogate markers, 

and effectors.  Effectors differ from surrogate markers in that they directly measure a 

mechanistically important part of a cellular process such as signaling (MEK 

phosphorylation), apoptosis (caspase 3 cleavage), or proliferation (cyclin D).  Surrogate 

markers have been shown to correlate with an outcome under some circumstances but 

they are not thought to be effectors of that outcome.  An example of a surrogate marker of 

cancer stem cells is CD133: CD133 does not confer stem-ness but rather tends to enrich 

for cancer stem cells.  High-dimensional single-cell analysis allows simultaneous 

quantification of many effectors of different cellular processes in all major cell types present 

in a sample. 
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 Table 2-1 Detecting cancer hallmarks in single cells 

Cell property
*
 Example flow cytometry method (and referenced use in cancer) 

Differentiation / 
Lineage 

Antibodies against c-KIT (Wozniak and Kopec-Szlezak, 2004), CD34 (stem 
cells) (Holyoake et al., 1999; Robillard et al., 2005; Wozniak and Kopec-
Szlezak, 2004); antibodies against CD38 (Robillard et al., 2005) or CD20 (Irish 
et al., 2010a; Robillard et al., 2005) and other cluster of differentiation (CD) 
antigens in human (Amir el et al., 2013; Mason et al., 2002; van Dongen et al., 
2012) and mouse (Mayle et al., 2013; Van Meter et al., 2007) tumor and blood 
cancer tissue samples 

DNA Content 
(aneuploidy, 
DNA 
fragmentation) 

Propidium iodide (PI) (O'Brien and Bolton, 1995), ethidium monoazide (O'Brien 
and Bolton, 1995), or 7-actinomycin D (7-AAD) (Holyoake et al., 1999; O'Brien 
and Bolton, 1995) staining of DNA; flow cytometry and FISH to evaluate 
telomere length (Baerlocher et al., 2006); γH2AX foci indicating DNA double-
strand break repair (Bourton et al., 2012; Huang et al., 2003); rhodium and 
iridium metal intercalators (Ornatsky et al., 2008) 

RNA Content 
(quiescence) 

Pyronin Y (Holyoake et al., 1999) staining of RNA  

Cell Cycle Stage 

Antibodies against cyclinD (Holyoake et al., 1999), cyclin A (Juan et al., 1998), 
cyclin B1 (Juan et al., 1998), cyclin E (Erlanson and Landberg, 1998); 
phosphorylated histone H3 (M phase) (Juan et al., 1998); all cell cycle stages 
(Behbehani et al., 2012) 

Proliferation 

Bromo-deoxyuridine staining for newly replicated DNA (Robillard et al., 2005); 
antibodies against proliferating cell nuclear antigen (PCNA) (Castillo et al., 
2000), antibodies against Ki67 (Castillo et al., 2000; Holyoake et al., 1999); 
carboxy-fluorescein diacetate succinimidyl ester (CFSE) dye (Cooperman et 
al., 2004) 

Oncogene  
Expression 

Antibodies against BCL2 (Irish et al., 2010a; Laane et al., 2005; Robillard et 
al., 2005), c-MYC (Morkve et al., 1992), RAS (Andreeff et al., 1986) 

Mutations 
Antibodies against mutant p53 (Zheng et al., 1999), H-Ras-Val12 (Carney et 
al., 1986) 

Tumor 
Suppressor 
Activity 

Antibodies against p53 protein (Krutzik et al., 2004; Zheng et al., 1999) or 
p21/Waf1 promoter activity driving GFP (p53R-GFP system) (Ohtani et al., 
2004)

‡
; antibodies against phosphorylated p53 (Irish et al., 2007; Krutzik et al., 

2004) or phosphorylated Rb (Behbehani et al., 2012); 

Apoptotic Cell 
Death 

Antibodies against Caspase 3 cleavage products (Belloc et al., 2000) 

Cell Membrane 
Changes, 
Viability, & 
Necrosis 

AnnexinV (Belloc et al., 2000) staining for extracellular phosphatidylserine 
exposure, which occurs on apoptotic cells; detection of membrane 
permeability by PI dye exclusion (Nicoletti et al., 1991) or Alexa dye exclusion 
(Table 1); cisplatin exclusion (Fienberg et al., 2012) 

Metabolism &  
Redox State 

Dichlorofluoresceine diacetate (DCF-DA) staining (Armstrong et al., 2002), a 
measure of oxidation; monobromobimane (MBrB) staining (Chow and Hedley, 
1995), a measure of glutathione; lipophilic fluorochrome 
dihexaoxacarbocyanine iodide (DiOC6(3)) (Belloc et al., 2000), a measure of 
mitochondrial membrane potential; mitochondria peroxy yellow 1 (MitoPY1), a 
fluorescent probe to quantify hydrogen peroxide levels in living cells (Dickinson 
and Chang, 2008) 

Tumor Antigens  
Antibodies against B (Timmerman et al., 2002) or T (Maecker and Levy, 1989) 
cell receptor idiotype; tetramers against tumor antigen (e.g., tyrosinase) 
specific T cells (Lee et al., 1999) 

Signaling 
Activity 

Antibodies against phosphorylated STAT and MAPK proteins (Irish et al., 
2004b; Kotecha et al., 2008; Van Meter et al., 2007), phosphorylated NF-κB, 
AKT, S6, Src family kinases (SFKs), and many more (Bendall et al., 2011; Irish 
et al., 2010a); response to drug treatment (Bodenmiller et al., 2012; Krutzik et 
al., 2008); Indo-1 staining for Ca

++
 flux (Trentin et al., 2004); antibodies against 

IL-12 (Panoskaltsis et al., 2003), IFN-γ (Lee et al., 1999) or other cytokines 
*
 Deep profiling enables >36 of such features to be measured on single cells (Bendall and Nolan, 
2012; Bendall et al., 2012).  Adapted from (Irish et al., 2006a). 
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In addition to measuring extracellular antigens or using live-cell permeable, non-toxic 

reagents, cytometry can quantify intracellular molecules and signaling activity in fixed and 

permeabilized cells, allowing targets in the cytoplasm and nucleus to be detected.  

Examples are intracellular targets are proteins with roles in metabolic potential (Armstrong 

et al, 2002, Chow and Hedley, 1995, and Belloc et al., 2000), phosphorylation induced 

signal transduction (Irish et al, 2004), and cytokine secretion (Panoskaltsis et al, 2003 and 

Lee et al, 1999).   

 

As the technology to measure signaling has developed, it has aided in our understanding of 

computational modeling of biological networks in cancer.  With the ability to quantitatively 

measure large sets of features simultaneously, this could lead to the systematic 

identification of clinically relevant signaling targets in a precision medicine setting where 

therapy is matched to the exact changes observed in the patient’s cells.  A single-cell view 

is critical to this, as drug responses in cell subsets are obscured when populations are 

analyzed in aggregate (Fig. 1).   

 

Although a number of techniques can be used to measure certain features of cells, 

pragmatic concerns direct choice in many experiments.  The detection techniques available 

to measure these features vary greatly in the amount of crosstalk that will be observed 

when measuring these features in combinations.  A central challenge going forward is to 

quantitatively measure large sets of features in ways so that crosstalk between the 

measured channels is minimized.  For example, loss of cell membrane integrity – a 

common surrogate for cell viability (Table 1) – should be routinely included and can be 
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measured many different ways that have different impacts on experiment design.  In 

traditional flow cytometry, exclusion of fluorescent molecules like propidium iodide (PI) 

(Nicoletti et al., 1991), 7-aminoactinomycin D (7-AAD) (Schmid et al., 1992), and Alexa dye 

succinimidyl esters (SE) (Krutzik and Nolan, 2006) is commonly used to detect cells lacking 

an intact membrane.  However, PI has very broad excitation and emission spectra that 

greatly limits the use of additional fluorochromes detected at >550 nm.  

 

Table 2-2 Exclusion viability test using Alexa 700 succinimidyl ester (Ax700-

SE) 

Step Details 

Ax700-SE 
50,000X Stock 

Dissolve 1 mg Ax700-SE in 0.5 mL dimethyl sulfoxide (DMSO) to achieve a 
50,000X long term frozen stock of 2,000 µg/mL.  Store frozen and protected 
from water. 

Ax700-SE  
500X Aliquots 

Prepare 500X frozen stocks of 20 µg/mL Ax700-SE in DMSO.  A 20-µL aliquot 
is sufficient to stain approximately 50 experimental samples in 200 µL.   

Ax700-SE  
50X Working 

Dilute Ax700-SE in DMSO to prepare a 50X of 2 µg/mL.  Do not store. 

Stain
†
 

Add 4 µL of 50X working stock of Ax700-SE directly to cells in suspension to 
achieve a final concentration of 0.04 µg/mL.  Stain for 10 min; titrate as 
needed. 

Wash & Collect 
Wash with 1X PBS

§
 containing 1% bovine serum albumin (BSA) or other 

carrier protein.  Pellet cells by centrifugation and continue with other staining 
steps or collect.   

†
Typically, live cells are stained prior to stimulation and no apparent impact on biology is observed.  

For a mass cytometry version using cisplatin, refer to (Fienberg et al., 2012). 
§
Sterile filtered phosphate buffered saline (PBS) without calcium or magnesium is recommended. 

 

As an alternative to PI or 7-AAD, Alexa 700 SE (Ax700-SE) can be used as a viability test 

(Box 1) in a manner analogous to the fluorescent cell barcoding protocol previously 

described (Krutzik and Nolan, 2006).  The Alexa dyes can be used to minimize crosstalk 

from the viability detection channel into other channels or to allow staining for other targets 

of interest on specific channels occupied by PI or 7-AAD.  Sequential use of spectrally 

distinct Alexa dyes can be used to track changes in viability over time.  In mass cytometry, 

a rhodium or iridium nucleic acid intercalator (Ornatsky et al., 2008) or cisplatin (Fienberg et 
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al., 2012) can be used in a similar manner to detect cells lacking an intact plasma 

membrane.  Detection of dead cells is especially critical with working with necrotic tumor 

tissue and samples from patients undergoing therapy.  While centrifugation at ~180 x g is 

typical for live cells, centrifugation at ~830 x g is recommended to effectively pellet dead 

and fixed cells. 

 

It is often useful to measure cellular features that maintain tumor growth, such as 

proliferation, apoptosis, and cell cycle status (Table 1).  Detection of bromo-deoxyuridine 

(BrdU) incorporation into newly replicated DNA (Robillard, 2005) and Ki67 (Holyoake et al., 

1999 and Castillo et al., 2000), a protein strictly associated with proliferation (Scholzen and 

Gerdes, 2000), remain common indicators of proliferation.  Apoptotic cell death is frequently 

measured by activation of the cleaved caspase 3 or by analysis of cell membrane changes 

like phosphatidylserine exposure (Belloc et al, 2000).  In addition, experimental drug 

studies with chemotherapeutics and ionizing radiation have shown that cell cycle status 

plays a major role in maintaining tumor homeostasis.  Cytometry has explored the 

therapeutic implications of cells in various states of the cell cycle by revealing quiescent 

cells kept in a drug-tolerant state.  These cells can be identified by pyronin Y staining of 

RNA or by the abundance of cyclins that regulate cell cycle status (Holyoake et al, 1999, 

Juan et al, 1998, and Erlanson and Landberg 1998). To delineate cell cycle stages by mass 

cytometer, 5-iodo-2-deoxyuridine (IdU) is used to mark cells in S phase and G0/G1 cells 

are detected using antibodies against retinoblastoma protein (Rb) phosphorylated at 

serines 807 and 811 (Behbehani et al., 2012). 
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Dissecting Abnormal Signaling Networks 

Genetic and epigenetic alterations in cancer cells lead to sustained changes in basal 

signaling and signaling responses (Fig. 2).  The vast majority of driver mutations in cancer 

effect profound changes in cell signaling networks (Irish et al., 2006a).  These observations 

indicate that differential activation of signaling pathways play critical roles in determining a 

cell’s chance for survival or death.  Epigenetic changes are also a potent force in shaping 

the structure of signaling networks in healthy development and cancer.  Gain or loss of 

intercellular signaling interactions, activation of receptors whose signaling controls cell 

identity, and drug treatments can all trigger sustainable patterns of signaling that persist 

through cell division or isolation of those cells in culture.  Epigenetic reprogramming of 

signaling networks is a primary mechanism of patterning in healthy development.  B and T 

lymphocytes are an exception in that genetic changes are a mechanism driving healthy 

development and differentiation. As tools to sequence DNA and RNA continues to improve 

in speed, read depth, and single-cell precision (Dalerba et al., 2011; Marcy et al., 2007; 

Powell et al., 2012; Wu et al., 2014), genomic and proteomic tools for studying signaling 

network activity, transcription factor binding, and DNA methylation typically require tens of 

millions of cells for one test and are restricted to aggregate analysis (Fig. 1).   
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Figure 2-2  Abnormal signaling in cancer cell networks.  Gains and losses of signaling drive oncogenesis 

and tumor progression.  This figure classifies commonly observed signaling alterations according to direction 

(potentiated or attenuated) and mechanism.  Basal signaling disruptions are commonly observed in cancer 

cells, and the signaling networks of the most negative prognostic cells typically display altered responses to 

environmental cues.  Refer to (Irish et al., 2006a) for example cancer hallmark signaling changes conferred 

by gene mutations. 

 

High-dimensional flow cytometry addresses this critical technology gap by quantifying 

single-cell epigenetic changes encoded by altered signaling mechanisms that transform cell 

function and fate (Fig. 2).  Abnormal signaling in cancer can be viewed as changes in the 

function of signaling nodes within a network (Irish et al., 2006a).  These changes are 

encoded by mechanisms such as constitutive basal activation of an oncogenic kinase (Fig. 

2, 1a), loss of a tumor suppressor phosphatase (Fig. 2, 1b), or hypersensitivity to growth 

factor stimulation (Fig. 2, 4a).  The signaling event can be either potentiated (strengthened) 
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or attenuated (weakened), and these changes can have dramatic impacts on the overall 

function of the signaling network and the cell.  Example signaling alterations in cancer that 

represent these mechanisms are highlighted in the following sections of this chapter. 

 

To understand changes in regulation of signaling it is important to determine how signaling 

responses differ in cancer cells.  A starting point to consider before analyzing a cell’s entire 

signaling network is to identify signaling inputs that individually activate signaling nodes. In 

this method, cells treated with a stimulus always serve as positive controls for signaling 

activity, whereas cells in a basal state function as negative controls. For constitutively 

active pathways, use of signaling node inhibitors may be necessary. Attention to the 

inhibitor specificity and concentration should considered, as the signaling response may be 

the result of off-target effects in a signaling network (Bodenmiller et al., 2012). With this 

methodology, it is possible to reveal clinically relevant signaling profiles by comparing 

signaling networks among patients with different clinical outcomes (Fig. 3). 

 

 

Figure 2-3 Discovery and validation of a clinical signaling profile.  During the training phase, many 

hypotheses are tested as signaling is assessed at many nodes under a large number of conditions (basal, 

various signaling activators, doses, time points, drugs, and combinations). The signaling profile is then refined 

by determining which features differed in the experimental group (cancer) relative to controls (healthy). This 

feature selection step is based on the biosignature hypothesis (Irish et al., 2004a), which proposes that 

features that vary as much in the control group as they do in the experimental group are not likely to 
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productively contribute to unsupervised stratification because they are not specific to the experimental group.  

Models based on one or more features are then built, and it is determined whether they stratify a feature of 

interest such as clinical outcome.  This clinical signaling profile is then tested in a new set of samples 

comparable to the first and balanced for potential confounders.  Ideally the test is performed by a new 

investigator or a computer algorithm that is blinded to the outcomes.   

 

There are two main phases in the generation of a validated signaling profile (Fig. 3): (1) the 

training phase, which has the goal of hypothesis generation and new discovery and (2) the 

testing phase, which is a focused challenge of a small number of hypotheses identified 

during testing.  Development of a signaling profile begins with assembling a list of 

measurable features and deciding how to organizing the staining panels to maximize the 

information gained while minimizing issues like channel crosstalk.  Features are then 

selected according to the biosignature hypothesis, refined for clinical relevance, and tested 

in a new set of samples (Fig. 3). 

Single Cell Detection, Diagnosis, and Prognosis 

Cancer cells are genetically unstable and subsets of cancer cells emerge over time during 

tumorigenesis, thus the ability to measure multiple biomarkers per cell is particularly 

valuable.  It is common for cancer cells to resemble non-malignant tumor infiltrating cells of 

the same lineage (Fig. 4).  In this example from B cell follicular lymphoma, expression of 

CD20, the oncogene BCL2, and BCR light chain isotype (κ or λ) were all used to distinguish 

tumor B cells from non-tumor host B cells.  Normally B cells exhibit a mixture of κ and λ 

light chains, but in lymphoma it is common for >95% of B cells to be a clonal expansion of a 

cancer cell with just one isotype.  In a simple four-color panel it is possible to detect three 

identity markers and one phospho-protein signaling event (Fig. 4). Here, greater than 
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normal ERK, BTK, SYK, and p38 signaling responses were identified specifically in the 

tumor B cells.  Along with a greater magnitude of signaling potential, tumor cells sustained 

signaling for a significantly longer period (Irish et al., 2006c).  This and other studies of BCR 

signaling in cancer have highlighted BCR signaling as a target for therapeutic discovery 

(Rickert, 2013).  Recently, targeting BTK has shown great promise in B cell malignancies 

(Byrd et al., 2013; Wang et al., 2013). 

 

Figure 2-4 Identifying contrasting signaling in cancer and non-malignant cells of same lineage cell 

within a tumor. In this example, non-malignant tumor infiltrating lymphocyte (TIL) B cells are detected within 

follicular lymphoma B cell tumors from two patients.  On the left, non-tumor cells were identified by the 

expression of the “wrong light chain” – a B cell receptor immunoglobulin light chain of a different isotype from 

the clonal tumor – combined with high CD20 expression and a lack of BCL2 expression.  Here we can see 

that these cells have a distinct SYK and BTK signaling profile that contrasts with the bulk tumor. The 

histogram overlays on the right show potentiated magnitude and kinetics of ERK and p38 phosphorylation in 

lymphoma B cells (right side, BCL2
+
) vs. TIL B cells (left side, identified as λ

+
 non-tumor light chain and BCL2

-

). 
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A key advantage of mass cytometry is that many surface and signaling markers can be 

simultaneously detected.  In the fluorescence example (Fig. 5), different individual signaling 

readout were repeated paired with the same three cell identity markers across four 

redundant staining panels in order to measure four phospho-proteins.  A critical problem 

with this approach is that one cannot compare signaling vs. signaling in the same cell – the 

comparison must be made at the population level.  With mass cytometry, 20 markers of 

identity can be paired with 14 phospho-proteins in a 34-dimensional panel.  This removes 

redundant staining panels, conserves sample, and creates higher quality data.  In cases 

where altered signaling distinguishes cancer cells from healthy cells (Fig. 4 and Fig. 5), 

mass cytometry may make it possible to quickly and accurately diagnose patients based on 

a flow cytometry signaling profile.     

 

Figure 2-5 Hypersensitivity to a signaling input is diagnostic for JMML.  Previously, 3-4 weeks were 

required to confirm a suspected diagnosis of JMML with a granulocyte-macrophage colony-forming units 

(CFU-GM) assay. In the CFU assay, bone marrow cells from  healthy donors (green curve) and patients have 

different responses to GM-CSF. b Plot of colony growth vs. GM-CSF dose in healthy volunteers (green) and 
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patients (red). c By flow cytometry, a hypersensitive population of JMML cells is detected in cancerous bone 

marrow compared to the normal control. d A dose-dependent increase in hypersensitive activity of p-STAT5 

uniquely distinguished JMML from other myeloproliferative disorders as well as healthy patients.  Adapted 

from (Kotecha et al., 2008).   

 

Juvenile myelomonocytic leukemia (JMML) has historically diagnosed and confirmed with a 

granulocyte-macrophage colony forming units (CFU-GM) assay (Fig. 5).  The disadvantage 

of this approach is 3-4 weeks are required to confirm the diagnosis when the potentially 

curative therapy for JMML is an early allogeneic stem cell transplant. Previously, studies 

with JMML patient samples and mice suggested GM-CSF responses are necessary for the 

pathogenesis of JMML, but the role of STAT5 activation had not been investigated. In a 

study that used single-cell profiling of JMML patient blood and bone marrow samples, a 

small proportion of CD33+, CD14+, CD38dim cells exhibited hypersensitive p-STAT5 

responses in response to sub-maximal concentrations of GM-CSF (Kotecha et al., 2008).  

This diagnostic approach was recently independently validated (Hasegawa et al., 2013).  

Thus, phospho-flow cytometry provides a precise readout for the aberrant signaling in 

JMML that distinguishes JMML from both healthy subjects and from patients with other 

myeloproliferative disorders.  Analysis of cell subpopulations associated with disease 

opens opportunities for quick detection of minimal residual disease (MRD) and has 

potential to assess therapeutic resistance (Kotecha, 2008).  The application to MRD is 

especially important in the clinical setting of cancer chemotherapy, and a vital need exists 

for flow cytometry tools that track and automatically identify MRD using surface markers or 

signaling events (Amir el et al., 2013).   
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Predicting Therapy Response and Tracking Evolution  

Surface and signaling-based single-cell analysis can track the abundance of malignant 

cells at diagnosis and spot the emergence of drug-resistant cells over time during 

treatment.  An example of this is the detection of a clinically significant tumor cell subset of 

lymphoma cells defined by altered BCR signaling (Fig. 6).  Following α-BCR stimulation, 

several phospho-epitopes had impaired BCR signaling responses in a subset of cells 

termed lymphoma negative prognostic (LNP) cells.  The presence of BCR-insensitive LNP 

cells was negatively correlated with overall patient survival and LNP cells increased in 

abundance following treatment and disease progression (Irish et al., 2010a).  These results 

indicate that BCR-insensitive LNP cells may have a selective survival advantage compared 

with bulk tumor B cells (Fig. 6).  The close associations between the signaling profiles and 

risk of death, strongly suggest that these cells are therapy insensitive due to specific 

changes to cell signaling.  Perturbing cells with an input stimulus to observe differential 

activation of signaling networks in cancer has repeatedly been shown to stratify survival 

(Irish et al., 2004a; Irish et al., 2010a). 
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Figure 2-6 Emergence of a negative prognostic subset over time following treatment. In this example, 

LNP tumor cells from lymphoma patient J038 are distinguished by abnormal SYK and PLCγ signaling and 

differential BCL2 and CD20 expression (gold arrow).  At the time of diagnosis, LNP cells constituted only 

46.3% of the tumor cells.  After therapy and disease progression, LNP cells increased to 68% of the tumor.  

Each 1% increase in LNP cells is associated with a 2.5% increased risk of death in the following year (p < 

0.000005, z-score = 4.68).  Adapted from (Irish et al., 2010a). 

Targeted cancer therapies have advanced rapidly as our understand of cancer cell-specific 

signaling alterations has increased (Irish et al., 2006a).  Genomic technologies can now 

identify patterns of gene expression or detect the presence of novel point mutations in a 

case-by-case basis.  This has led to the identification of tumor subclasses and improved 

understanding of disease biology for appropriate therapies. For example, targeting the 

overexpression of HER2 with lapatinib or trastuzumab in breast cancer has benefited 

patients. Similarly, identification of BCR-ABL kinase and the use of imatinib mesylate 

(Gleevec) has aided in treatment of chronic myeloid leukemia.  However, it can be difficult 

to target newly discovered mutations, and separating drivers from passengers can be 
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challenging when normal, pre-, and post-treatment sample sets are not available.  In 

contrast, the signaling events measured in phospho-flow panels are typically highly 

targetable, and in many cases there are drugs available that are already being used in the 

clinic in other settings.   

An alternative strategy is to measure deregulation of an oncogenic pathway by measuring 

active kinase signaling and a cell networks signaling potential when perturbed (Fig. 7).  For 

example, signaling alterations that predict therapy outcome are observed in acute myeloid 

leukemia (AML) patient samples.  Increased activity of STAT5 and STAT3 activity are 

known to induce the expression of genes for survival and proliferation.  Interferon γ 

treatment activates STAT1 activity, which can oppose survival by activation of genes 

involved in antigen presentation to the immune system. Cells from patients who did not 

respond to induction chemotherapy shared a profile including a critical failure to 

phosphorylate STAT1 in response to interferon γ (Fig. 7, Therapy-resistant AML cells).  

Instead of activating STAT1, these cells have rerouted IFNγ signaling to phosphorylate 

oncogenic STAT5.  These results provide a rationale for the investigation of STAT5 

inhibition in therapy-resistant AML to improve the outcome of patients with this resistant 

subset.  Thus, a key promise of the signaling profile approach is that observed cancer-

specific signaling disruptions are required for cancer cell survival or aggressive behavior. 
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Figure 2-7 A hallmark mechanism of AML therapy resistance is rewired JAK/STAT signaling. In this 

example, signaling profiles of two different AML cancer cells are shown. In treatable AML cells, G-CSF 

signaling through JAK1 and induction of STAT5 phosphorylation mediates transcription of pro-survival and 

proliferation genes. Conversely, IFNγ signaling through JAK2 results in induction of STAT1 phosphorylation 

that mediates cell cycle arrest and apoptosis.  In the signaling network of the therapy resistant AML cell, the 

response to IFNγ has become rerouted to STAT5, which, like G-CSF, mediates transcription of pro-survival 

and proliferation genes. The lack of functional STAT1 activation, which activates cell cycle arrest induced 

apoptosis, explains why patients with these cancer cells are often resistant to DNA-damage-induction 

therapy. Inhibition of JAK2/STAT5 signaling in therapy resistant AML cells could potentially improve the 

outcome of patients with this resistant subset.   

 

A primary challenge in high-dimensional profiling of heterogeneous cells is optimization of a 

staining protocol that facilitates the detection of extracellular and intracellular targets of the 

cells.  A target’s localization should be considered and a range of appropriate reagents 

tested in order to develop a protocol that balances speed, reproducibility, and sensitivity.  
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Optimizing signal to noise remains a central goal in fluorescent flow cytometry (Maecker 

and Trotter, 2006) and mass cytometry (Bendall et al., 2012).  This may involve titrating the 

detection of the target on live cells, after para-formaldehyde fixation, and/or after 

permeabilization (e.g., methanol, ethanol, saponin, Triton X-100) of the cell membrane 

(Krutzik and Nolan, 2003).  Panels that measure all features except one are a classic flow 

cytometry control termed ‘fluorescence minus one’ (FMO), described in detail by Maecker 

and Trotter (Maecker and Trotter, 2006).  For mass cytometry, a comparable ‘mass minus 

one’ (MMO) control is equally valuable for determining what level of signal can reliably be 

considered positive.   

 

When creating multi-step staining protocols for detection of extracellular and intracellular 

epitopes, a key advantage of small molecule dyes and the polymer metal chelators used in 

mass cytometry is that they are not sensitive to the common permeabilization agents.  This 

contrasts with large protein fluorophores; fluorescence of protein fluorophores can be 

harmed by harsh alcohol treatments used in storage of fixed samples and during 

permeabilization.  In mass cytometry, a multi-step staining protocol is a common alternative 

to seeking epitope unmasking staining conditions that work well for a variety of epitopes 

that are localized in different cellular compartments and differentially dependent on three-

dimensional conformation.  In a typical signaling experiment, surface marker staining 

occurs after the cells have been fixed so that detection of cell identity does not alter 

signaling.  However, since many surface marker target epitopes are no longer detectable 

following harsh permeabilization conditions, surface staining occurs immediately following 

the short fix step that stops signaling in the phospho-flow protocol (1.6% paraformaldehyde 
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for 5 minutes at room temperature).  Thus, surface staining occurs following 

stimulation/fixation and prior to methanol permeabilization.  For more information, see 

Table I (Krutzik et al., 2005) and Fig. 2 (Krutzik and Nolan, 2003).  For certain intracellular 

targets – especially transcription factors – permeabilization with saponin or Triton X-100 

can yield superior staining.   Usually a short formaldehyde fix (≤ 10 minutes) does not 

destroy target epitopes and detection of surface markers is decreased by an acceptable 

~10% of the original signal, although there are exceptions.   

Antibody titration and staining optimization should follow well-established guidelines (Box 

1). It is critical to titrate antibodies in the exact conditions that they will be used and to 

include populations of positive and negative control cells at known ratios.  The stain index 

between positive and negative cells allows verification of the subset pattern.  It is not 

sufficient to titrate an antibody on a uniform positive population while using unstained or 

isotype control stained cells as a comparison point.  It is acceptable for the positive and 

negative cells to be in different tubes, but the advantage of staining all the cells 

simultaneously in multidimensional cytometry is lost.  With intracellular work: less is more.  

Problems are typically due to over-staining, which leads to non-specific background signal 

(see Figure 2 in (Krutzik and Nolan, 2003)).  Antibodies that work well by 

immunofluorescence nearly always are suitable for fluorescent flow and mass cytometry 

when the same fixation, permeabilization, and staining conditions are used. 

  



   
 

 35  
 
 

Box 1 | Guidelines for titrating antibodies 

1) Titrate antibodies in house using actual experimental conditions. 

2) Mix positive and negative cells to create a signature pattern for titrations. 

3) Use well characterized cells for titrations (not rare cells of interest). 

4) Select optimal instrument channels for titrating reagents.   

5) It may be necessary to titrate multiple clones under multiple perm conditions for intracellular 

epitopes that have not been widely studied.   

 

For all types of cytometry, internal biological control populations are ideal controls.  

Intracellular controls transform the cellular heterogeneity that confounds aggregate 

approaches (Fig. 1) into a distinct advantage of single-cell approaches.  Markers of stem-

ness, such as CD34 (Woziniak and Kopec-Szlezak, 2004), and lineage-restricted 

molecules expressed during differentiation (Mason et al., 2002) help determine the identity 

of tumor cells.  However, developmental programs can be aberrantly activated or 

suppressed in both the cancer cells and the surrounding microenvironment.  Because 

phenotypic plasticity characterizes cancer, it is especially valuable to have multiple markers 

that are expected to be positive and negative on each major tumor and host-cell population.  

A general rule is to include two positive markers and one negative marker for each major 

tumor and host cell type (Irish et al., 2010a).  Negative markers help rule out artifacts.  In 

immune cancers, markers of clonality can be used to confirm cancer cell identity or dissect 

cancer cell lineage (Green et al., 2013; Irish et al., 2006c; Sachen et al., 2012).  Cell 

isolation by fluorescence-activated cell sorting followed by sequencing for oncogenic 

mutations can confirm the identity of cancer cells or be used to identify underlying driver 

and passenger mutations (Green et al., 2013).  Ultimately, the more features detected 

(Table 1), the more confidence one has in the identity and biology of a given population 
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during the discovery or training phases of a project (Fig. 3).  Cytometry provides the toolkit 

for tracking and characterizing the ubiquitous heterogeneity of cancer.   

The dysregulated intracellular signaling observed in cancer cells contrasts greatly from 

signaling in normal cells. Challenging of the cancer cells with perturbation reagents can 

reveal divergent response patterns. Even when the mechanism is not directly inferable, 

analysis of multiple signaling events can identify the point in a cellular system that is 

dysregulated.  To develop a protocol that profiles signaling responses, comparisons to a 

healthy population of cells, such as peripheral blood mononuclear cells or a tractable 

genetically modified cell line, often establishes a comparison point for how intracellular 

systems should behave. 

After acquiring a large dataset, data interpretation can be a challenging hurdle in high-

dimensional experiments. Traditional multi-parameter techniques like flow cytometry have 

relied upon two-dimensional plots to visualize the data to understand correlations between 

the parameters.  Unfortunately, as the number of parameters increase, the number of two-

dimensional plots increase to create an overwhelming visualization problem. Analytical 

approaches developed to tackle this complexity include dimensional reduction tools such 

as SPADE (Bendall et al., 2011; Qiu et al., 2011b) and viSNE (Amir el et al., 2013). To 

achieve a greater understanding of tumor proteins and signaling, these tools can be used 

to then computationally compare this new view of cancer across patients and tumor 

subtypes.
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Future Perspectives 

Going forward, the field must address a number of challenges in data analysis and platform 

integration raised by the increased power to simultaneously detect many features of single 

cells.  Four key areas are: 

1) Data analysis, storage, and sharing with collaborative teams. 

2) Cross-platform comparisons with other systems biology techniques. 

3) Cross-scale data integration, especially between single cells and aggregates. 

4) Comparisons across time, especially in clinical studies. 

 

Technical tools and experimental designs have far outpaced the existing computational 

tools.  Many are working to address this need, but it is important to go beyond the basic 

challenge of clustering groups of cells by similar features.  Tools for identification of 

populations within single-cell datasets have increased dramatically in sophistication and 

speed (Aghaeepour et al., 2013; Amir el et al., 2013; Pyne et al., 2009; Qiu et al., 2011b), 

and now there is an urgent need for tools that model the populations and derive biological 

meaning from the markers used to find populations.  It is critical to make sure that tools do 

not find populations in such a way that they are limited to a particular dataset.  This is vital 

for reproducibility as well as for clinical application.  In the end, it is critical to define the 

difference metric in terms of the underlying biological mechanisms and to refine the model 

to the minimal parts for clinical testing. 

How do we connect measurements made at the single-cell level with knowledge gained 

using other aggregate analysis tools?  Single-cell techniques have essentially been 
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developing independently of aggregate analysis tools because it unclear how to connect 

the information gained at such different scales.  Thus, approaches to span experimental 

platform and biological scale are sorely needed for the next generation of single-cell 

opportunities in cancer biology (Fig. 8).   

 

Figure 2-8 Key single-cell opportunities in cancer research. The first row depicts the opportunities of 

detecting non-malignant cells of the same lineage as the tumor (A, as in Fig. 5), tumor infiltrating immune 

responders (B, as in (Myklebust et al., 2013)), and other non-malignant stromal cells (C).  It will be important 

to distinguish between abnormal signaling that promotes cancer, such as inflammation, and abnormal 

signaling that results from cancer, such as T cell suppression via PD-1 or generation of cancer associated 

fibroblasts (Barcellos-Hoff et al., 2013).  In the second row, (D), (E), and (F) depict contrasting biological 

origins of an aggressive, therapy-insensitive tumor subpopulation that can be dissected with single-cell tools.  

A gatekeeper mutation conferring resistance to targeted therapy might be an apomorphy that distinguishes a 

rare ‘leaf’ subset (F).  Alternatively, a slow cell cycle phenotype might distinguish a cancer stem cell (D) (Reya 

et al., 2001).  A large, heterogeneous branch (E) observed at the time of diagnosis might need to be treated 

with a combination of therapies in order to kill all populations and obtain a clinical response.  The third row 

depicts clinical single-cell opportunities, such as detecting negative prognostic subpopulations (G, as in Fig. 
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7), treatment insensitive subsets (H), and cellular transitions as would be observed when epithelial cancer 

cells become an invasive, metastatic population (I).   

Increasingly, single-cell tools will need to take into account changes over long periods of 

time – such as is the case with samples obtained over time during treatment.  The concepts 

of before and after treatment and of subset evolution, emergence, transformation, and 

metastasis must be considered.  What are reliable markers of stable cellular identity and 

how do we track ‘a population’ of cells over time? 
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CHAPTER III 

 

MELANOMA SIGNALING AND NOVEL IMPLICATIONS FOR IMMUNOTHERAPY 

PROGNOSIS 

This work consists of unpublished data and peer-reviewed published data from Johnson et 

al. Nature Communications 2016. 

Preface 

In the past, cellular heterogeneity in cancer has been studied to identify novel genomic 

alterations in cell subsets that drive cancer oncogenesis or therapeutic resistance. 

However, epigenetic changes are also a potent mediator of healthy and cancer cell 

development. Genetic alterations and epigenetic changes have the potential to affect cell 

signaling and regulate transcriptional events. To date, characterizing and targeting cell-

signaling events has been utilized therapeutically to modify cellular behaviors including 

immunosurveillance, cell fate, proliferation, and cell identity. In this chapter, a phospho-flow 

assay was developed to dissect phosphorylation-induced signaling in melanoma cells. 

Furthermore, this approach was utilized in collaboration with Dr. Doug Johnson and Dr. 

Justin Balko where we identified MHC-II tumor phenotype as a prognostic feature of 

patients with melanoma after anti-PD-1 immunotherapy. My role in this work identified a 

potential signaling mechanism associated with the poor immuno-therapy prognosis 

phenotype. This work illustrated that extracellular protein expression and signaling activity 

can be used to identify clinically relevant melanoma subsets.  The methods development 

work for this chapter included application of phospho-flow to adherent melanoma cell lines.  
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This was a novel application of the phospho-flow technique.  This method was useful to 

develop for this thesis, as I subsequently applied solid tumor phospho-flow to measure 

signaling in the cells from primary human melanoma tumors (Chapter 5).  In addition, this 

work provided support for including MHC II and MHC I in the studies in Chapter 5. 

 

 

 

Melanoma signaling and clinical resistance to therapy 

Protein phosphorylation signaling events are the direct result of genetic and epigenetic 

alterations that determine a cells chance for survival, proliferation, and death. In melanoma, 

oncogenic phosphorylation events induced by mutant BRAF kinase are found in >60% of 

melanoma. However, resistance to mutant BRAF targeted therapies and other single target 

therapies has emerged as a key clinical problem caused by additional signaling alterations 

(Hodis et al., 2012; Van Allen et al., 2014). Resistance to BRAF and MEK targeted 

therapies is frequently driven by reactivation of MAPK signaling after therapy. The 

discovery of MEK mutations, expression of BRAF splice variants, expression of 

phosphatase COT, and BRAF amplification have all been shown to reactivate MAPK 

signaling (Johannessen et al., 2010; Rizos et al., 2014). In addition to MAPK signaling, 

oncogenic PI3K/AKT signaling, receptor tyrosine kinase signaling, cyclin-dependent kinase 

signaling, and STAT3 signaling cascades have been observed after targeted therapy 

(Girotti et al., 2013; Johnson et al., 2014; Paraiso et al., 2011; Smalley et al., 2008). 
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Immunotherapies are the most recent innovation in the field of melanoma treatment, and 

clinical resistance mechanisms are a field of ongoing investigation. However, recent 

research has identified MAPK signaling, loss of PTEN, activation of WNT/ βcatenin, and 

loss of interferon sensitivity as cell-intrinsic signaling mechanisms that mediate 

immunotherapy resistance. MAPK signaling has been shown to increase expression of PD-

L1 and VEGF which have been shown to suppress T cell engagement and inhibit T cell 

trafficking (Liu et al., 2013; Sumimoto et al., 2016). Loss of PTEN and activated PI3K 

signaling has been shown to increased immunosuppressive cytokines in preclinical models 

of melanoma (Peng et al., 2016). Loss of interferon sensitivity and dysregulation of the 

JAK/STAT signaling pathway has been shown to decrease antigen presentation and block 

apoptotic signaling in melanoma (Pansky et al., 2000). Furthermore, JAK1/2 mutations 

have been shown to mediate antibody-based immunotherapy resistance by suppressing 

immune engagement genes and STAT1 signaling (Shin et al., 2017; Zaretsky et al., 2016). 

Because signaling is at the cross-section of many cellular resistance mechanisms, 

continuing to study and target signaling should be valuable to evaluate future therapeutic 

strategies combining targeted and immunotherapies. 

Phosphoflow analysis and dissecting signaling heterogeneity in melanoma 

While it's clear that changes to signaling occur in therapy-resistant cells after therapy, it is 

unclear if detection of signaling features can be used to identify resistant populations in 

melanoma. Additionally,  it remains unclear what points of these signaling pathways should 

be targeted to enhance cell killing. To develop this approach to dissect signaling network 

aberrations, adherently grown melanoma cells were stimulated in suspension to quantify 
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basal and induced signaling responses. Key nodes of signaling in the JAK/STAT, 

RAF/MEK/ERK, and PI3K/AKT pathways were selected by relevance to melanoma 

therapeutic resistance (Shtivelman et al., 2014) (Figure 1). 

 

Figure 3-1 Melanoma resistance associated signaling events detected by flow cytometry. Cytometric 

analysis tools have been optimized to simultaneously detect several points of the melanoma cell-signaling 

network ( highlighted orange).Targets of signaling in BRAF mutant melanoma are the current standard of care 

for patients with BRAF
V600

 mutations (highlighted red). Key targets for analysis are signaling nodes within 

pathways consistent with melanoma oncogenesis and targeted therapy resistance.  

To dissect melanoma signaling responses phospho-flow analysis was used to measure 

signaling activity after incubation with small molecules, growth factors, and cytokine 

stimulation for 15 minutes (Figure 2). Cytokine signaling responses by MeWo cells matched 
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canonical STAT protein signaling responses. IFNα and IFNγ induced a STAT1 signaling 

response in MeWo cells (Figure 2A). STAT1 activity regulates genes that oppose survival 

by transcription of genes associated with antigen presentation and suppression of 

proliferation (Calo et al., 2003). IFNα signaling induced phosphorylation of p-STAT3 and p-

STAT5 (Figure 2A). Unlike p-STAT1 signaling, STAT3 and STAT5 signaling are known to 

induce genes for survival and proliferation (Calo et al., 2003). IL-4 stimulation induced 

phosphorylation of p-STAT6 (Figure 2A). IL-4 mediated STAT6 signaling exhibits pleiotropic 

effects on cancer progression by inhibiting tumor growth and increase invasiveness in 

some cancers (Bruns and Kaplan, 2006; Lee et al., 2017). These results demonstrate that 

phospho-flow analysis captures the signaling events of melanoma cells in suspension. 

Furthermore, these results demonstrate that the melanoma-signaling network can be 

reliably perturbed to activate known signaling responses from cytokines. 
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Figure 3-2 Mass cytometry (CyTOF) and phospho-flow analysis of the melanoma-signaling network. 

Cytokine stimulation canonically activates JAK/STAT signaling events in normal and malignant cells. (A) 

MeWo melanoma cells are shown responding to four cytokine factors. The color of the histogram represents 

the arcsinh transformed median intensity relative to the column minimum value.  (B) Signaling network 

analysis of two additional cell lines in a separate experiment show diverging signaling network responses to 

six stimuli. The color of heat map represents the arcsinh transformed median intensity relative to the row 

minimum value.   

Growth factor stimulation of receptor tyrosine kinases can activate an array of signaling 

components not specific to one pathway. Furthermore, receptor-signaling events have 

been shown to mediate resistance to BRAF and MEK targeted therapies in 

melanoma(Johnson et al., 2014). Phospho-flow analysis revealed A2058, MeWo, and 
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WM115 cells exhibited diverging signaling responses to growth factors and small molecules 

inhibitors. MeWo and WM115 cells were sensitive to growth factors and activated of p-

STAT5, p-ERK, and p-S6 (Figure 2B). In contrast, A2058 cells showed the least diverse 

growth factor signaling profile but signaled strongest after HGF stimulation (Figure 2B).  

 

Figure 3-3 Phospho-flow analysis of MeWo melanoma cells reveal subsets distinguished by diverging 

signaling responses. Subsets of melanoma cells were dissociated into single cell suspension and stimulated 

with hepatocyte growth factor (HGF), nerve growth factor (NGF), and interleukin 4 (IL-4). Subsets responded 

to HGF, NGF, and IL-4 by phosphorylating AKT, PLCγ, or STAT6.  Two small subsets of high basal p-PLCγ 

and p-AKT are detectable in the unstimulated condition. Stimulation after 5 minutes revealed cell subsets 

further distinguished by high and low potentiation of p-PLCγ signaling. 
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 Signaling networks can also be dissected using small molecules that serve as positive 

controls for intracellular signaling pathways (Chapter 2). Peroxide and calyculin are known 

to inhibit tyrosine and serine/threonine phosphatases, and can temporarily increase the 

activity of several signaling pathways (Denu and Tanner, 1998; Swingle et al., 2007). PMA 

and ionomycin stimulate PKC and calcium ionophore to activate MAPK signaling (Crawford 

et al., 2014). Peroxide and calyculin A incubation revealed potent activation of p-STAT5, p-

STAT3, p-ERK, and p-S6 in all melanoma cells (Figure 2B). PMA and ionomycin activated 

p-ERK and p-S6 in all melanoma cells (Figure 2B). 

The phospho-flow analysis also revealed heterogeneous signaling events in MeWo cells. 

After HGF, NGF, and IL-4 stimulation, a subset of MeWo cells induced higher p-PLCγ 

signaling (Figure 3). These results show that signaling features can identify subset 

phenotypes, and stimulation reveals differences in signaling network regulation of 

melanoma cells. With this methodology, it could be possible to identify potential 

mechanisms of therapy resistance that mediate differential outcomes to therapy (Chapter 

2). 

Loss of MHC II phenotype associated with dysfunctional STAT signaling and poor 

immunotherapy prognosis 

The landscape of treatment for melanoma has shifted towards monoclonal antibody 

immunotherapies that relieve suppression of antitumor responses (Mahoney et al., 2015). 

However, durable responses are observed in only 30-40% of advanced melanoma patients 

(Hamid et al., 2013; Robert et al., 2015b). From those findings, accurate predictive 

biomarkers are necessary to optimize patient selection and treatment strategies. Cancer 
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cells have been shown to evade the immune system with an expression of checkpoint 

inhibitors (PD-L1 and PD-L2) and recruitment of regulatory immune cells (Jiang et al., 2013; 

Spranger et al., 2013). Cancer cells can also downregulate the expression of major 

histocompatibility proteins (MHC) that present antigen to the immune system (Garcia-Lora 

et al., 2003). Loss of MHC proteins is associated with increased metastasis, impaired 

immune cell engagement, and is a prognostic biomarker in other cancers (Oldford et al., 

2006; Warabi et al., 2000). While tumor-specific antigens have been well studied in 

melanoma, the functional significance of MHC II expression by cancer cells remains 

unclear.  Furthermore, the influence of major histocompatibility proteins on immunotherapy 

prognosis has not been elucidated before in melanoma. On this basis, Johnson et al. 

hypothesized MHC I and MHC II proteins are required for anti-PD-1 activity and are 

clinically relevant biomarkers for therapy response. 

To determine if MHC II is associated with anti-PD-1/PD-L1 clinical response, Johnson et al. 

obtained archival pre-treatment or resection specimens from 30 patients treated with anti-

PD-1 (nivolumab or pembrolizumab) or anti-PD-L1 (MPDL3280A). To separate patients into 

two groups, MHC II+ tumors were labeled as tumors with >5% melanoma cells (SOX10+) 

with MHC II expression. Johnson et al. found that clinical response of patients with MHC II 

non-expressing tumors was significantly less than patients with MHC II-expressing tumors 

in a discovery cohort (P=0.033 Fisher's exact t-test). Similarly, clinical response was 

significantly less in patients MHC II non-expressing tumors in the validation cohort 

(P=0.025 Fisher’s exact t-test). Furthermore, responding patients typically had tumors with 

higher percentages of MHC II-expressing cells (Figure  4A  and, 4B). Progression-free 
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(PFS) and overall survival (OS) was also compared between MHC II-expressing and non-

expressing patient’s tumors. Median PFS was significantly longer for MHC II+ patients 

(median not reached vs 3.2 months P=0.02 Figure 4C). Overall survival was also 

significantly longer for MHC II+ patients (median not reached vs 27.5 months P=0.03 Figure 

4C).  

 

 

 

Figure 3-4 Melanoma patients with MHC II-expressing tumors have better response rates to anti-

PD1/PD-L1 immunotherapy. (A) Immunohistochemical analysis of percent MHC II positive cells in a 

discovery set (N=30) and validation set (N=23). Responders include patients that displayed partial or 

complete RECIST criteria defined responses. Non-responders include patients with mixed responses (N=3, 

red triangles) or progressive disease patients. Wilcoxon signed rank tests were performed with a significance 

threshold of p=0.05. (C) Progression-free survival and overall survival in anti-PD-1/anti-PD-L1 treated patients 

stratified by MHC II positivity (positive tumors >5% MHC II tumor cells per section). Data from validation and 

discovery cohorts included in the statistical analysis. Log ranked tests were performed with a significance 

threshold of p=0.05. 

To investigate cellular mechanisms associated with poor prognosis MHC II negative 

phenotypes, Johnson et al obtained and studied 60 melanoma cell lines from the Cancer 



   
 

 50  
 
 

Cell Line Encyclopedia (CCLE). Analysis of mRNA expression data showed MHC I 

expression was high and expressed in most cell lines, however, MHC II expression was 

present in approximately 50% of cell lines. Because, canonical interferon gamma and 

STAT1 signaling have been shown to induce MHC I and II expression, the JAK/STAT 

signaling pathway was hypothesized to be dysregulated. My role in this work was to use 

phospho-flow analysis to dissect interferon gamma (IFN γ) and STAT signaling responses 

from melanoma cell lines. Phospho-flow analysis demonstrated that IFN γ was robustly 

induced after 15 min in all cell lines, however, MHC II negative cell lines unexpectantly 

phosphorylated STAT5 protein (Figure 5). This result demonstrates that IFN γ signaling 

responses are rewired in MHC II-negative cells. Furthermore, similar rewired signaling 

events have been observed in patients with acute myeloid leukemia resistant to IFN γ (Irish 

et al., 2004b). From these results activation of STAT5 signaling could be opposing STAT1 

apoptotic and cell cycle arrest transcription events. These results provide a rationale for the 

investigation of STAT5 inhibition in melanoma patients lacking MHC II subsets to improve 

the outcome of patients with antibody-based immunotherapy.  Thus, investigating 

extracellular phenotypes and signaling profiles represent a valuable approach to investigate 

cellular mechanisms associated with therapeutic outcomes.  
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Figure 3-5 Melanoma cell MHC II class expression associated with divergent p-STAT signaling 

responses. Black histograms in the top row display the median MHC II expression of 4 melanoma cell lines. 

Phosphorylation of STAT1 and STAT5 was measured after 15 minutes of IFNγ (interferon gamma) 

stimulation. The color of histograms for p-STAT1 and p-STAT5 represents the arcsinh transformed median 

fluorescence intensity relative to the table minimum value. All cells lines displayed p-STAT1 signaling 

responses after IFNγ, however only MHC II low cells induced p-STAT5 signaling after IFNγ. 

Materials and Methods 

Cell Culture and Cell Lines. MeWo, A2058, WM115, SKMEL28, CHL-1, and HMCB 

melanoma cells were grown in MEM (Mediatech, Inc., Manassas, VA), supplemented with 

10% fetal bovine serum (Gibco standard FBS, Life Technologies, Grand Island, NY), 1% 

penicillin (Gibco) and  1% streptomycin (Gibco). MeWo, A2058, WM115, and SKMEL28 

cells were acquired as gifts from the lab of Vito Quaranta M.D. CHL-1 and HMCB cells 

were acquired as gifts from the laboratory of William Pao. 
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Patients. Patient samples were obtained based on the availability of tissue and were not 

subjected to pre-specified power analysis. All samples were acquired with patient written 

consent on IRB approved protocols (#030220 and #100178). Treated samples were 

obtained within 2 years of anti-PD-1 or anti-PD-L1 immunotherapies (nivolumab, 

pembrolizumab, and MPDL3280a). Responses were evaluated with RECIST criteria or in a 

single case defined as a stable disease with clinical benefit >3 years. For more details of 

patient features and clinical characteristics see Johnson et al. (Johnson et al., 2016). 

Phospho-flow Cytometry. Melanoma cell lines were treated with Accutase (EMD 

Millipore, #SCR005) for 10 min at 37 °C to dissociate them from the plate. Dissociated cell 

lines rested at 37 °C in a CO2 incubator for 30min before stimulation. For the calyculin A 

treatment group, cells were incubated at 0.1 µM during the 30 min incubation period (Cell 

Signaling Technology, Danvers, MA). After resting, cells were stimulated by adding 

cytokines or growth factors (Cell Signaling Technology) at a final concentration of 100 

ng/ml. Peroxide treated cells were stimulated at a final concentration of 3.3 mM. During 

signaling, cells were kept in a 37 °C CO2 incubator. After 15 min of signaling, cells were 

fixed for 10 min at room temperature with a final concentration of 1.6% paraformaldehyde 

(Electron Microscopy Services). Cells were then pelleted, and permeabilized by 

resuspension in 2ml of methanol and stored overnight at 20 °C. Flow cytometry staining 

was performed after methanol using the following antibodies: HLA-DR (BD Biosciences, 

clone G46-6), p-STAT5 (BD Biosciences, clone 47), p-STAT1 (BD Biosciences, clone 4A), 

p-STAT3 (BD Biosciences, clone 4/P-STAT3), p-STAT6 (BD Biosciences, clone 18), p-ERK 

(BD Biosciences, clone 20A), p-AKT (Cell Signaling, clone 193H12), p-S6 (Cell Signaling, 
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clone D57.2.2E), p-PLCγ (BD Biosciences, clone K86-689.37), and p-4EBP1 (BD 

Biosciences, clone 236B4). Samples were analyzed on an LSRII system (BD Biosciences). 

Mass Cytometry. MeWo cells in Figure 2A were prepared and stained with the same 

techniques as phospho-flow fluorescence cytometry. Phospho-specific antibodies were 

also the same as fluorescence cytometry, however, metal-labeled conjugates were 

acquired from Fluidigm. 

Immunohistochemistry and HLA-DR Scoring. HLA-DR (clone sc-53319) and SOX10 

(clone LS-C312170) antibody clones were acquired Santa Cruz Biotechnology and LsBio 

respectively. For details of staining, conditions see Johnson et al. Two pathologists scored 

percentage of HLA-DR positive melanoma cells that expressed SOX10. Pathologist made 

visual estimations from whole tumor sections in cancer cell dense regions. For more details 

of HLA-DR scoring see Johnson et al.  

Data Analysis. Cytobank was used to store .fcs files and perform data analysis including 

histogram overlays, biaxial plots, and heat maps.  

Statistical Analysis. Statistical test for MHC II tumor percent positivity was performed 

using nonparametric Wilcoxon’s rank sum test. For PFS analysis, the survival curves were 

estimated using the Kaplan–Meier method with the log-rank test to examine the statistically 

significant differences between study groups. Statistical analyses were performed using R 

or GraphPad Prism. All P values reported were two-sided. For more details of statistical 

methods see Johnson et al. 
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CHAPTER IV 

 

SINGLE CELL ANALYSIS OF HUMAN TISSUES AND SOLID TUMORS WITH MASS 

CYTOMETRY 

Authors: Leelatian N.* and Doxie DB*., Greenplate AR, Mobley BC, Lehman JM, 

Sinnaeve J, Kauffmann RM, Werkhaven JA, Mistry AM, Weave KD, Thompson RC, 

Massion PP, Hooks MA, Kelley MC, Chambless LB, Ihrie RA, Irish JM 

*Denotes equal contribution as co-authors 

This work is presented as it appears in manuscript form in Cytometry B Clin Cytom 2017 

Preface 

High dimensional analysis approaches such as mass cytometry analysis have been well 

documented in blood cancers, however, standardized approaches to analyze and release 

adherent cells into suspension have not been developed for mass cytometry analysis. This 

work features the systematic comparison of dissociation techniques and reagents. The 

systematic comparison of dissociation techniques identified workflows most suitable to yield 

viable cells and maintain tissue heterogeneity in suspension. Results from this work 

enabled the development of a workflow applied to tumors in a clinical study of human 

melanoma in Chapter 5. 

.  
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Abstract  

Background: Mass cytometry measures 36 or more markers per cell and is an appealing 

platform for comprehensive phenotyping of cells in human tissue and tumor biopsies.  

While tissue disaggregation and fluorescence cytometry protocols were pioneered decades 

ago, it is not known whether established protocols will be effective for mass cytometry and 

maintain cancer and stromal cell diversity.   

Methods: Tissue preparation techniques were systematically compared for gliomas and 

melanomas, patient derived xenografts of small cell lung cancer, and tonsil tissue as a 

control. Enzymes assessed included DNase, HyQTase, TrypLE, collagenase (Col) II, Col 

IV, Col V, and Col XI. Fluorescence and mass cytometry were used to track cell subset 

abundance following different enzyme combinations and treatment times. 

Results: Mechanical disaggregation paired with enzymatic dissociation by Col II, Col IV, 

Col V, or Col XI plus DNase for 1 hour produced the highest yield of viable cells per gram of 

tissue.  Longer dissociation times led to increasing cell death and disproportionate loss of 

cell subsets.  Key markers for establishing cell identity included CD45, CD3, CD4, CD8, 

CD19, CD64, HLA-DR, CD11c, CD56, CD44, GFAP, S100B, SOX2, nestin, vimentin, 

cytokeratin, and CD31.  Mass and fluorescence cytometry identified comparable 

frequencies of cancer cell subsets, leukocytes, and endothelial cells in glioma (R = 0.97), 

and tonsil (R = 0.98). 

Conclusions: This investigation establishes standard procedures for preparing viable 

single cell suspensions that preserve the cellular diversity of human tissue 

microenvironments.   
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Introduction   

In preparing single cell suspensions of healthy and malignant tissue, a common goal is to 

preserve viability while maintaining cellular diversity and preserving rare subsets. 

Multidimensional cytometry is well suited to this challenge because it can simultaneously 

characterize known cell types and reveal novel cell subsets (Irish, 2014; Irish and Doxie, 

2014). Mass cytometry uses antibodies to quantify features of individual cells in primary 

tissues (Bandura et al., 2009; Leelatian et al., 2015) and has been applied to characterize 

cell subsets in human bone marrow, blood, and germinal center tissues as well as diverse 

murine tissues (Amir el et al., 2013; Bendall et al., 2011; Levine et al., 2015).  However, 

mass cytometry remains relatively untested in the context of solid tumors.  Fluorescence 

flow cytometry and fluorescence activated cell sorting (FACS) have been used to 

prospectively isolate functionally distinct cell subsets and suggest that mass cytometry 

analysis could help to further characterize solid tumors (Irish and Doxie, 2014).  A key goal 

of this study was to evaluate the suitability of different cell preparation techniques for mass 

cytometry and to develop standard procedures and quality controls that do not require 

measuring light scatter.  An additional goal was to use the multidimensionality of mass 

cytometry to characterize preservation of cellular diversity under different solid tumor cell 

preparation techniques.   

In this study, mechanical and enzymatic dissociation protocols were systematically tested 

on multiple types of fresh human solid tumors and tissues to develop an efficient, reliable 

method for dissociation and single-cell analysis by mass cytometry.  Human tonsils and 

lymphoma tumors reliably dissociate with mechanical force alone and we have previously 
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established protocols for their study by fluorescence cytometry (Irish et al., 2006b; Irish et 

al., 2010b) and mass cytometry (Polikowsky et al., 2015).  Preparation techniques for tissue 

samples derived from intraoperative resections of gliomas (grades II-IV), melanomas, and 

patient derived xenografts (PDX) of small cell lung cancer (SCLC) were compared.  As a 

control, the same techniques were applied to human tonsillar tissue.  The abundance of 

different cell types, such as leukocytes, endothelial cells, epithelial cells, fibroblasts, and 

cancer cell subsets, was tested under these conditions.  Established protein markers for 

expected cell types in tissues tested in this study were used in fluorescence cytometry 

(Table S1) and mass cytometry (Table S2, Table S4).  The common markers were selected 

so that both rare and abundant cell types could be compared between mass and 

fluorescence cytometry.  The additional markers in the mass cytometry panel provided a 

more comprehensive analysis of cell diversity.   

Six enzymes for cell separation were selected to compare in solid tumor preparation 

protocols for mass cytometry analysis: HyQTase, TrypLE, collagenase (Col) II, Col IV, Col 

V, and Col XI.  Enzyme choice was based in part on prior use in several solid tumor types 

and preparation of single cell suspensions containing cancer cell and immune subsets for 

FACS (Al-Hajj et al., 2003; Boiko et al., 2010; Chan et al., 2009; Donnenberg et al., 2013; 

Richards et al., 2012; Zimmerlin et al., 2011).  DNase was also tested to determine its 

ability to enhance live cell yield from dissociation. Dissociation kinetics for enzyme 

combinations in distinct tissue types were also characterized. Finally, specific enzymes and 

dissociation duration times were selected based on optimal viable cell yield and 

representation of expected cell populations. 
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Tissue Sample Collection – All samples were obtained with patient consent, with 

Vanderbilt institutional review board (IRB) approval, in accordance with the Declaration 

of Helsinki, and were de-identified.  Gliomas were intraoperative specimens from WHO 

grade II, III, or IV tumors (IRB #131870), collected in sterile normal saline. Melanomas 

were cutaneous and lymph node resections (IRB #030220), collected in MEM 

(Corning/Mediatech, Corning, NY) with 10% FBS + 1X Pen/Strep (GE Healthcare, 

Pittsburgh, PA). Small-cell lung cancer (SCLC) patient derived xenograft (PDX) samples 

were obtained as a gift from the Rudin laboratory (LX-22, (Daniel et al., 2009)) and 

propagated solely as patient-derived xenografts in female athymic nude mice 

(HSD:Athymic Nude-Foxn1nu/nu) obtained from Envigo with Vanderbilt institutional 

animal care and use committee (IACUC) approval. SCLC PDX were collected in RPMI 

1640 (Corning/Mediatech, Corning, NY) plus 10% FBS+ 1X Pen/Strep. Glioma, 

melanoma, and SCLC PDX samples were transported at room temperature without 

delay to the laboratory and processing began within 30 minutes of collection from 

patients. Human tonsillar tissue was obtained from routine tonsillectomies (IRB 

#121328), collected in RPMI 1640 (Corning/Mediatech, Corning, NY) plus 10% FBS+ 

1X Pen/Strep, transported on ice, and processed within 4 hours of collection. 

Mechanical and Enzymatic Dissociation – Sequential dissociation steps are 

described in detail in the main text. “Coarse mincing” indicates no additional mechanical 

dissociation of tissues (i.e. tissues were left as obtained intraoperatively). “Fine mincing” 

indicates additional mechanical dissociation using scalpels. Conventional mechanical 

dissociation of tonsils included fine mincing and immediate filtration of tissue through a 



   
 

 59  
 
 

70 µm cell strainer without additional enzymatic dissociation, as previously established 

(Irish et al., 2006b; Irish et al., 2010b; Polikowsky et al., 2015). Dissociation enzymes 

were obtained from Sigma Aldrich (Darmstadt, Germany) (collagenase II, IV, V, and XI), 

ThermoFisher (Waltham, MA) (TrypLE-Express), and GE Healthcare (PA) (HyQTase). 

Collagenases were used at 1 mg/mL. HyQTase and TrypLE-Express were used at 1X 

according to the manufacturer’s recommendations. DNase I (Sigma Aldrich) was used 

at a final concentration of 0.25 mg/mL. For conditions involving collagenases and no 

enzyme, cells were resuspended in recommended media for specific tissue types prior 

to adding indicated enzymes (gliomas, DMEM/F12+Glutamax, (Gibco/Life 

Technologies, MA) with a defined hormone and salt mix (Reynolds et al., 1992) and 50 

µg/mL gentamicin; melanomas, MEM with 10% FBS + 1X Pen/Strep; Tonsils and SCLC 

PDXs, RPMI 1640 + 10% FBS + 1X Pen/Strep. For dissociation conditions with 

HyQTase or TrypLE, tissues were dissociated in working concentrations of enzymes 

(with or without DNase), without addition of cell culture media, according to the 

manufacturer’s recommendations. Enzymatic dissociations were performed in a 37C 

incubator with 5% CO2, with constant rocking on a nutating platform mixer at 18 rpm. 

Cells were then strained with 70 µm and 40 µm cell strainers prior to further analysis. 

Quantification of cell viability – Cell suspensions obtained from different dissociation 

protocols were resuspended in corresponding cell culture media at volumes proportional to 

initial tissue weight (1 mL per 100 mg of tissue). Viable cells were quantified using Trypan 

Blue staining, normalized to the initial tissue weight, and reported as millions of live cells 

per gram of tissue. 
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Statistical testing – Enzyme conditions were compared as groups (horizontal lines) using 

a Student’s t-test. The relationship between cell subset abundance measured by 

fluorescence or mass cytometry was compared using Pearson’s correlation R and 

Spearman’s rank correlation ρ (rho). 

Cell line and cell culture – Jurkat cells were obtained from Utpal Dave at Vanderbilt, and 

were grown in RPMI 1640 + 10% FBS + 1X Pen/Strep as recommended. MeWo cells were 

obtained from Kimberly Dahlman and Jeffery Sosman with permission of Antoni Ribas 

(UCLA) and were grown in MEM + 10% FBS + 1X Pen/Strep, as recommended. 

Flow cytometry - Cell suspensions were evenly divided for parallel phenotyping with 

fluorescence and mass cytometry according to the protocols below.  Conditions were 

identical between mass and fluorescence cytometry with the exception of an additional 

staining step including saponin for mass cytometry analyses of glioma and melanoma that 

include SOX2.  This type of saponin step has been established to have no significant 

impact on subsequent mass cytometry staining (Behbehani et al., 2014). 

Fluorescence flow cytometry – For fluorescence cytometry, live surface staining was 

performed for surface marker detection (Supplemental Table S1). After washing with PBS 

and pelleting twice (at 200 x g for 5 min each time), cells were fixed with 1.6% 

paraformaldehyde (Electron Microscopy Services, Fort Washington, PA) for 10 min at room 

temperature, washed with PBS (HyClone Laboratories, Logan, UT), pelleted at 800 

× g, and permeabilized with 100% ice-cold methanol (Fisher Scientific, Waltham, MA) at 

−20°C overnight following established protocols (Irish et al., 2010b; Krutzik and Nolan, 

2003). Cells were washed twice with cell staining media composed of PBS plus 1% BSA 
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(Fisher Scientific, Waltham, MA) and pelleted at 800 x g. For each comparison, cells were 

stained in 100 µL staining media for 30 minutes at room temperature. All antibodies are 

listed in Supplemental Tables. Note that some antibodies that detect cell surface antigens 

(CD45-BV786, CD44-PE, and CD31-PE-Cy7) were used after fixation and methanol 

permeabilization due to concerns for stabilization of fluorochromes after methanol 

exposure. After staining, cells were washed twice with PBS, pelleted at 800 x g, and 

resuspended in PBS for analysis on a 5-laser LSRII (BD Biosciences, San Jose, CA) at the 

Vanderbilt Flow Cytometry Shared Resource. 

Mass cytometry – Solid tissue cells obtained from the same dissociation conditions as 

those analyzed by fluorescence flow cytometry were stained live for cell surface markers, 

fixed, permeabilized, and washed as for fluorescence flow cytometry above and in 

concordance with established mass cytometry protocols (Leelatian et al., 2015). 

Permeabilization with 0.02% Saponin (Millipore, Darmstadt, Germany) in PBS was also 

included before methanol permeabilization of gliomas and melanomas as part of an 

optimized multi-step protocol that included detecting SOX2, which was not included in the 

fluorescence panel. Metal-tagged antibodies were used to stain cells in 100 µL cell staining 

media for 30 minutes at room temperature (Supplemental Table S4). After staining, cells 

were washed once with PBS, once with deionized water, pelleted at 800 x g, and 

resuspended in deionized water containing normalization beads (Fluidigm). Standard bead-

based normalization was used as previously described (Finck et al., 2013). Cells were 

collected on a CyTOF 1.0 at the Vanderbilt Flow Cytometry Shared Resource. Original data 

were normalized with MATLAB normalization software prior to further analysis using 
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Cytobank (Kotecha et al., 2010) and established mass cytometry analysis methods 

(Diggins et al., 2015). viSNE analysis was performed using 60,000 cCasp3-HH3+ cells per 

sample. For glioma G-LC-15, the following markers were used for viSNE analysis: CD31, 

CD64, CD45RO, S100B, CD45, PDGFRα, SOX2, CD24, CD44, CD3, GFAP, αSMA, HLA-

DR, and CD56. For tonsil T02-23, the following markers were used for viSNE analysis: 

CD4, IgD, CD16, CD45RO, CD45RA, CD45, CD27, CD86, CD33, CD11c, CD14, CD19, 

CD38, CD8, CD3, IgM, HLA-DR, and CD56. Samples of the same tissue type dissociated 

with different types of collagenase were analyzed simultaneously by viSNE. 

Histone H3 testing – Healthy peripheral blood mononuclear cells (PBMCs) were used as 

controls in testing histone H3 as a nucleated cell marker for multiple flow cytometry 

platforms. PBMCs were stained live for detection of cell surface markers (Supplemental 

Table S2).  After being washed twice with PBS, cells were then fixed with 1.6% 

paraformaldehyde and permeabilized with 100% ice-cold methanol for intracellular staining. 

Stained PBMCs were then evenly divided and half of the cells were stained with iridium at a 

final concentration of 0.25 µM in PBS for 15 minutes at room temperature. Cells were then 

washed once with PBS, once with deionized water, pelleted at 800 x g, and resuspended in 

deionized water containing normalization beads. Cells were collected as described above. 

Results 

Tissue dissociation with collagenase and DNase improved live cell yield 

A matrix of dissociation conditions was tested to identify optimal protocols for multiple solid 

tumor types and tonsil controls (Figure 1, Figure S1, and Figure S2).  The mechanical 

dissociation protocol (see Materials and Methods) was first compared to fine mincing of 
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tonsil tissue followed by a 2-hour enzymatic dissociation with combinations of collagenase 

and DNase.  For tonsils, a combination of fine mincing, collagenase, and DNase resulted in 

superior live cell yield per gram of tissue compared to conventional dissociation methods 

(Figure S1, p < 0.05). Additionally, fine mincing of tonsils did not adversely affect cell 

viability (Figure S2) when compared to coarse mincing (left as obtained intraoperatively). 

Since freshly resected tissues and tumors frequently differ in size, fine mincing was 

selected as an initial mechanical dissociation step for all tissue types.  To determine the 

optimal enzymes for disaggregation of human gliomas, seven different enzymatic 

conditions were tested for their ability to yield live, single cells (Figure 1A, N = 3).  

Intraoperative samples of gliomas were finely minced and incubated with a cocktail of 

DNase plus one enzyme (either HyQTase, TrypLE, Col II, Col IV, Col V, or Col XI) or 

DNase alone for 2 hours at 37C, with continuous rocking. Increased live cell yield per 

gram of tissue was seen in conditions containing collagenase and DNase as compared to 

other conditions (p < 0.01). Additionally, DNase plus collagenase improved live cell yield for 

glioma compared to collagenase alone (p < 0.01).  No significant differences were 

observed in live cell yield per gram of glioma tissue between conditions using different 

types of collagenases plus DNase. High-resolution images of trypan blue stains are shown 

in Figure S3. 

The same matrix of conditions was tested on intraoperative samples of human melanomas 

(Figure 1B, N = 3). As with glioma, no significant difference in live cell yield was observed 

between different types of collagenases, and viable cell yields were highest in conditions 

containing collagenases and DNase (p < 0.01). In freshly resected tonsils (Figure 1C, N = 
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4), collagenases with DNase gave a higher live cell yield than either DNase alone (p < 

0.05) or TrypLE plus DNase (p < 0.01). However, collagenases with DNase did not 

significantly differ from HyQTase with DNase, and addition of DNase did not result in higher 

or lower live cell yield, in tonsil dissociation. 

Enzymatic dissociation with collagenase and DNase for 1-2 hours provided 

superior live cell yields 

While incubation in enzyme solutions enhanced tissue disaggregation (Figure 1 and Figure 

S1), excessive incubation might adversely affect cell viability.  A dissociation time course 

was performed on intraoperative glioma specimens to determine the optimal time point for 

highest live single cell yield (Figure 2A).  Gliomas were finely minced and incubated in 

collagenases plus DNase for 30 minutes, 1 hour, 2 hours, 4 hours, or 6 hours (Figure 2A, N 

= 3). Live cell yield per gram of glioma tissue significantly decreased after 4 hours of 

enzymatic dissociation with Col II, Col V, or Col XI plus DNase compared to earlier time 

points (Col II and Col XI, p < 0.001; Col V, p < 0.05), whereas it significantly decreased 

after 6 hours of dissociation with Col IV plus DNase (Figure 2A, p < 0.001).  

Dissociation kinetics of tonsils were also characterized for time points ranging from 15 

minutes to 24 hours (Figure 2C). Finely minced tonsils dissociated with Col II plus DNase 

for 1-2 hours gave higher live cell yield when compared to earlier time points (p < 0.05) as 

well as later time points (p < 0.001). Similarly, viable cell yield decreased significantly after 

1-2 hours when tonsils were dissociated with either Col IV or Col XI plus DNase (IV, p < 

0.05; IX, p < 0.01). Live cell yield from the combination of Col V and DNase also decreased 

after 6 hours (p < 0.01). Live cell yield from intraoperative melanoma specimens and SCLC 
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patient-derived xenografts (PDXs) did not significantly decrease after 6 hours of 

dissociation, regardless of the type of collagenase (Figure 2B and 2D).  

Testing histone H3 as a nucleated cell marker compatible with mass and 

fluorescence cytometry  

An anti-Histone H3 (HH3) monoclonal antibody was next tested as a potential marker of 

nucleated cells that would function equivalently in fluorescence and mass cytometry. Jurkat 

T leukemia cells gated as intact cells were 98.9% positive for HH3 in fluorescence 

cytometry (Figure S4A).  Similarly, when Jurkat cells were gated first as HH3+, they were 

observed to be >99.8% intact cells when gated using light scatter in fluorescence cytometry 

(Figure S4B).  Peripheral blood mononuclear cells (PBMCs) were used to further test HH3 

because PBMC have well-studied cell subsets that have been extensively characterized by 

both fluorescence and mass cytometry (Bodenmiller et al., 2012; Leelatian et al., 2015; 

Nicholas et al., 2015). PBMCs from a healthy donor were stained with a panel of 16 mass-

tagged antibodies (Table S2). Frequencies of known cell subsets identified by biaxial gating 

were closely correlated in the same mass cytometry dataset gated using HH3 or 

established iridium-based gating (Figure S5, Pearson correlation R = 1.00, Spearman rank 

of subset abundance rho (ρ) = 1.00, Table S3), supporting the use of HH3 as nucleated cell 

marker across multiple flow cytometry platforms.  

Assessment of cell subset diversity in solid tumor following collagenase and 

DNase treatment 

Two- to seven-dimensional fluorescence flow cytometry has been used extensively to 

characterize presence and abundance of cell subsets in patient-derived tissues. Glioma cell 
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subsets consistent with those documented in prior studies were present after a 1-hour 

dissociation with DNase plus Col II using fluorescence flow cytometry (Figure 3A, Col II). In 

glioma sample G-RT-06, 55.4% of all events were identifiable as intact nucleated cells 

based on HH3 staining. CD45+ immune cells comprised 59.7% of live intact cells, which 

included CD3+ T cells (26.7%) as well as other immune cell types (71.8%). Presence of 

immune cell subsets was confirmed with immunohistochemistry (IHC) staining of formalin-

fixed paraffin-embedded (FFPE) sections of the same sample (Figure S6). Additionally, 

CD31+ endothelial cells were detected (5.1% of non-immune cells), as were cell subsets 

that differentially expressed CD56 (NCAM) and GFAP. The abundance of nucleated cells 

and other known cell subsets was similar between different collagenase types (Figure S7).  

To determine if cells derived from dissociations using collagenase and DNase were suitable 

for mass cytometry analysis, cells obtained from intraoperative glioma resections (G-RT-06) 

were stained with 16 isotope-labelled antibodies (Table S4). Histone H3 was used to 

identify intact nucleated cells. A biaxial analysis sequence similar to that used for 

fluorescence flow cytometry analysis was used for comparison of subset abundance 

identified by these two cytometry platforms (Figure 3B). A strong correlation of cell subset 

abundance between the two methods was observed and quantified (Table 1; Pearson’s R = 

0.97, Spearman’s rank ρ = 0.93). Similar comparisons were performed in tonsils (Figure 

3D). Strong correlations of subset abundance between the two different cytometry 

platforms was also observed in tonsil (Table 1; Pearson’s R = 0.98, Spearman’s rank ρ = 

0.90). 
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Subsets of immune cells in tonsils were also identified by fluorescence flow cytometry, 

including CD3+ T cells, CD44+ antigen-presenting cells (APCs), CD44- APCs, and 

additional immune and non-immune cell types, as expected (Figure 3C, Col II). Abundance 

of tonsil cell subsets was similar between dissociations using different collagenase types 

(Figure S8). Single cells obtained from resected melanomas (MP-04) and a melanoma cell 

line, MeWo, were analyzed by fluorescence flow cytometry and were observed to have 

intrinsic auto-fluorescence on some channels, whereas glioma and tonsil samples studied 

here showed no auto-fluorescence (Figure S9).  Mass cytometry was next used to study 

melanoma tumors (Figure S10). CD45+ immune subsets, including CD45+HLA-DR+ 

antigen-presenting cells, CD45+CD3+ T cells (CD8+ and CD8-, and CD45RO+ memory and 

CD45RO- non-memory), as well as CD31+ endothelial cells were identified in melanoma. 

Additionally, among the non-immune, non-endothelial cells, other cell subsets were 

identifiable by nestin, SOX2, CD44, HLA-ABC, vimentin, and cytokeratin.  

To characterize the effects of different types of collagenase on the presence of cell 

subsets, mass cytometry analysis of cells derived from glioma dissociation at one hour with 

DNase plus either Col II, Col IV, Col V, or Col XI was performed (Figure 4). This time point 

was selected based on its highest live cell yield across multiple tissue types, shown above. 

viSNE analysis (Amir el et al., 2013) was used to compare cell subsets in the different 

dissociation conditions. Known cell subsets in gliomas were present in all conditions, 

including CD45+ immune cells (CD3+ T cells, and CD64+ microglia), CD45-CD31+ 

endothelial cells, GFAP+ glial cells, S100B+ astrocyte-like cells, and SOX2+ stem-like cells. 

Established cell subsets were also observed in tonsil specimens dissociated for one hour in 
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all types of collagenase (Figure S11). As expected, the majority of cells were CD45+ 

immune cells. Additionally, known immune subsets, including CD3+CD4+ helper T cells, 

CD3+CD8+ cytotoxic T cells, CD19+IgD+ naïve B cells, and CD19+CD27+ memory B cells, 

were identified. These findings suggest that both mass cytometry and fluorescence 

cytometry identify key cell subsets in glioma and tonsil dissociated with collagenase plus 

DNase.   

Longer dissociation times led to disproportionate cell death and loss of cellular 

diversity 

To determine if the abundance of cell subsets changed over time with enzymatic 

dissociation, time course dissociations of glioma sample, G-LC-15 (Figure 5), and tonsil 

sample, T02-23 (Figure S13), with DNase plus Col II were performed. Cell subsets were 

identified using sequential biaxial analysis and given the indicated labels following expert 

review. Apoptotic cells, defined by high cCasp3 signal, were excluded from subsequent cell 

subset quantification (Figure 5A). Within the population of HH3+ nucleated cells, marker 

analysis identified CD45+ immune cells and CD31+ endothelial cells. Known subsets of 

immune cells were present within the CD45+ population, including microglia (HLA-

DR+CD64+), memory T cells (CD3+CD45RO+), and non-memory T cells (CD3+CD45RO-) 

(Figure 5B). Within the CD45-CD31- population, pericytes (αSMA+) and ependymal cells 

(CD24+) were seen, as well as rare SOX2+ stem-like cells, GFAP+ glial cells, PDGFRα+ 

cells, and S100B+ astrocyte-like cells (Figure 5C). Quantification of these cell subsets was 

performed in samples obtained from different dissociation durations to characterize 

maintenance and enrichment of cell subsets over time (Figure 5D). Among immune cells, a 
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decrease in microglia (after 1 hour) and memory T cells (after 4 hours) was noted, whereas 

the proportion of non-memory T cells appeared to remain constant over the full range of 

times tested. SOX2+ stem-like cells were most abundant after 1 hour of dissociation and 

decreased thereafter. Even though the proportion of SOX2+ stem-like cells increased at 24 

hours after dissociation, the overall decrease in viable cells after 4-6 hours of glioma 

dissociation (Figure 2A) suggested an overall loss in total viable stem-like cells at later time 

points. Additionally, the abundance of GFAP+ glial-like cells (known to be present in most 

gliomas, Figure S12) remained constant during the initial 10 hours of dissociation and 

showed a decrease after 16 hours. This suggested that longer dissociation depletes key 

cell subsets in glioma. Most of the nucleated, non-apoptotic cells that remained after 24 

hours of dissociation lacked expression of the key cell identity markers used in this study. 

Moreover, the abundance of cCasp3+ apoptotic events also increased over time (Figure 

5E). 

A similar time course strategy was applied to tonsil specimen dissociation (Figure S13A). A 

decrease in the abundance of most immune cell subsets was observed at all time points 

greater than 1 hour of dissociation with Col II plus DNase (Figure S13B). This decrease 

affected all T cell subsets, plasma cells/blasts, germinal center B cells, class-switched 

memory B cells, and unswitched memory B cells. Notably, abundance of naïve B cells 

remained constant during the initial 6 hours of dissociation and only decreased after 10 

hours. CD27-IgD- B cells increased in abundance at time points extending to 6 hours, 

followed by a decrease at 10 hours. Dendritic cells were the only immune cell subsets that 
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continued to increase in abundance at 24 hours of dissociation. As expected, longer 

dissociation times likewise led to an increase in apoptotic cells (Figure S13C).  

 

Discussion 

A common protocol of collagenase II plus DNase for 1 hour was identified as effective for 

preparing viable and mass cytometry compatible single cell suspensions of all tested 

human solid tumors and healthy tissues. Multiple types and combinations of enzymes and 

dissociation kinetics were compared in freshly resected patient-derived tissues and patient-

derived xenografts.  Unexpectedly, collagenase also resulted in greater viable cell yield 

from tonsils when compared to the conventional dissociation method (Figure 1 and Figure 

S1), indicating that the protocol for preparation of tonsil and lymphoma tumors could be 

further refined.  DNase clearly improved live cell yield from gliomas and melanomas and is 

strongly recommended for tissues where there may be ongoing cell death. Even though 

DNase was not observed to improve tonsil dissociation, DNase also did not adversely affect 

tonsil cell viability. Live cell yield from glioma dissociation began to decrease after 4-6 

hours. However, live cell yields from melanoma and SCLC PDX were constant throughout 

the dissociation duration tested (6 hours) for all types of collagenase. In contrast, live cell 

yield from tonsils was maximal during the initial 2 hours of dissociation, except for 

collagenase V, which significantly decreased only after 6 hours.   

Critically, dissociation of tissue using combined collagenase and DNase preserved cellular 

diversity, as seen by mass cytometry and standard fluorescence flow cytometry (Figure 3 

and Figure 4). At one hour after dissociation, known cell subsets were present as expected 
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in each of the tested tissue types. These included immune cells in tonsil, infiltrating immune 

cells in glioma and melanoma, and tissue-specific cell subsets, such as cancer cell subsets, 

endothelial cells, glial cells, pericytes, and stem-like cells in gliomas. A difference in 

abundance of T cells observed between fluorescence and mass cytometry was determined 

to be due to use of different anti-CD3 antibody clones, as has been previously reported 

(Maecker et al., 2012; Nicholas et al., 2015).  While immune cells and GFAP+ cells in 

glioma were confirmed with IHC stains and observed to be in relatively close agreement 

between IHC and flow cytometry, small tissue sections and sections that do not sample all 

tumor regions may over- or under-represent cell subsets or overlook rare cells. The 

quantitative analysis of a large number of whole cells by multidimensional flow cytometry 

(105 to 107) provides a strong complement to the location information provided by imaging 

cytometry (Spitzer and Nolan, 2016).  

Longer dissociation times led to increased cell death and disproportionate depletion of cell 

subsets in both gliomas and healthy tonsil.  Additionally, the abundance of glial/astrocyte-

like cells, as well as rare stem-like cells in glioma, decreased over time. Even though the 

proportions of some cell subsets increased at later time points (endothelial cells, pericytes, 

SOX2+ stem-like cells in gliomas, and dendritic cells and CD27-IgD- B cells in tonsils), the 

significant increase in cell death over a long period of dissociation would result in an overall 

decrease in total yield of those cell types. Comparison of the results from gliomas, 

melanomas, SCLC xenografts, and tonsil tissue indicates that different tissues may be 

sensitive to prolonged enzymatic digestion. Dissociation conditions should be evaluated 

closely and carefully matched to tissue type and study goals. However, based on the 
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results here, no more than 1 hour of dissociation is recommended unless the protocol is 

being optimized for a specific purpose. In future single-cell-level studies of other complex 

solid tissues, it will be critical to identify conditions that efficiently generate single-cell 

suspensions while preserving rare subpopulations of interest. Additionally, cell viability 

stains such as Cisplatin can be included in future mass cytometry experiments that aim to 

test cell functions like signaling, proliferation, viability, or cytokine production (Fienberg et 

al., 2012). 
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Figure legends and Tables 

 

 

Figure 4-1 Collagenase plus DNase treatment provides better yield of live cells from three human 

tissues than no enzyme, TrypLE, HyQTase, or collagenase treatment alone.  Graphs show millions of viable 

cells per gram yielded by different tissue preparation conditions following fine mincing for (A) gliomas, (B) 

melanomas, and (C) tonsil tissue.  In addition to DNase (closed symbols), preparation enzymes tested 

included no additional enzyme (No enz), recombinant trypsin TrypLE (Tryp), HyQTase (HyQ), and 

collagenase (Col) II, IV, V, or XI.  Average live cell yield is indicated for each condition by the thick horizontal 

line. Individual tissues or tumors are represented by different symbols.  Representative trypan blue stained 

images are depicted under each condition.  Scale bars = 100 μm.  Symbols denote not significant (n.s.), p < 
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0.05 (♦), or p < 0.01 (♦♦).  N indicates number of separate individual sample donors tested under each 

condition for each tissue type. 

 

Figure 4-2 Collagenase and DNase treatment for 1 or 2 hours provided better overall live cell yield 

than other times. (A) Gliomas (N = 3) were finely minced and treated for varying times with DNase and either 

Col II, Col IV, Col V, or Col XI.  Yield of live single cells (x10
6
) per gram was quantified from Trypan blue 

images after 30 minutes (’), 1 hour (h), 2h, 4h, and 6h (filled symbols). Individual tissues or tumors are 

represented by different symbols. Grey circles mark average yield and are connected with dashed lines to 

indicate dissociation kinetics. Dissociation kinetics were similarly assessed for (B) melanomas (N = 3), (C) 

tonsil tissue (N = 4, except for 10h, 16h, 24h where N = 2), and (D) SCLC PDX tumors (N = 3) (D). Symbols 

denote not significant (n.s.), p < 0.05 (♦), p < 0.01 (♦♦), or p < 0.001 (♦♦♦). 
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Figure 4-3 Frequency of cell types in glioma, and tonsil tissue quantified by fluorescence and mass 

cytometry.  Biaxial plots show gating for established cell types in human tumors and tissues prepared using 

Col II plus DNase for 1 hour. Nucleated cells (HH3
+
) were identified. Immune cells (CD45

+
), T cells (CD45

+
 

CD3
+
), APCs (CD45

+
 CD3

-
 HLA-DR

+
), endothelial cells (CD31

+ 
CD45

-
), and non-immune non-endothelial cells 

(CD45
-
 CD31

-
) were also found. (A) In fluorescence cytometry analysis of glioma from an individual patient 

(G-RT-06), CD56 (NCAM) and GFAP expression are shown for CD45
-
 CD31

-
 cells. (B) A similar gating 

scheme was applied to mass cytometry data from G-RT-06.  In tonsil tissue from donor T02-23, CD44 and 

HLA-DR are shown for CD45
+
 CD3

-
 HLA-DR

+
 cells, for both fluorescence (C) and mass cytometry analysis 

(D). Frequency of terminal populations (dashed gates) was compared between fluorescence and mass 

cytometry in Table 1.   
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Figure 4-4  Treatment of a glioma with different collagenases yielded comparable cell subset 

frequencies. viSNE plots show non-apoptotic nucleated cells (cCasp3
-
HH3

+
) from glioma G-LC-15 obtained 

following 1-hour treatment with DNase plus either Col II, VI, V, or XI. Heat plots indicate cell density (first 

column) or expression of 8 proteins indicating cell type (CD45, CD3, CD64, CD31, GFAP, CD56, S100B, and 

SOX2). viSNE mapping was run together. Color-coded inserts next to the complete map highlight cell subsets 

(grey = CD45
+
CD3

+
 T cell, 0.9 ± 0.1%; red = CD45

+
CD64

+
 microglia, 3.9 ± 1.0%; green = CD45

-
CD31

+
 

endothelial cells, 0.7 ± 0.2%; fuchsia = SOX2
+
 stem-like cells, 1.2 ± 0.5%).  
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Figure 4-5 Enzymatic treatment times longer than one hour differentially impact glioma tumor cell 

subsets. Biaxial plots and bar graphs quantify cell subsets measured in mass cytometry analysis of glioma 

G-LC-15 after varying treatment times with collagenase II and DNase.  (A) Gating for apoptotic cells 

(cCasp3
+
) and live immune cells (cCasp3

-
CD45

+
), endothelial cells (cCasp3

-
CD31

+
), and non-immune, non-

endothelial cells (cCasp3
-
CD45

-
CD31

-
). (B) Subsets of glioma tumor-infiltrating immune cells were identified, 

including microglia (HLA-DR
+
CD64

+
), CD45RO

+
 and CD45RO

-
 subsets of CD3

+
 T cells, and other immune 

cells. (C) Pericytes (CD45
-
CD31

-
αSMA

+
), ependymal cells (CD45

-
CD31

-
CD24

+
), SOX2

+
 stem-like cells 

(CD45
-
CD31

-
SOX2

+
), GFAP

+
 cells (CD45

-
CD31

-
GFAP

+
), and astrocyte-like cells (CD45

-
CD31

-
S100B

+
) were 

quantified as subsets of G-LC-15. (D) Gating for cell types as in (A-C) was applied to mass cytometry analysis 

of cells from G-LC-15 treated with collagenase II plus DNase for 1, 2, 4, 6, 10, 16, or 24 hours. (E) 

Percentage of apoptotic cells as in (A) was measured for each dissociation time, as in (D). 
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 Table 4-1 Mass and fluorescence cytometry detect comparable frequencies of cell types in glioma, 

melanoma, and tonsil tissue. 
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Supplemental Figures and Tables 

Leelatian et al., Supplementary Figure S1 

 

 

Figure 4-6 (S1) Tonsil dissociation with fine mincing and enzymes gave higher live cell yield 

compared to conventional dissociation method. Enzymatic dissociations of tonsils by fine mincing and 

incubation with collagenases and DNase (2 hours) were compared to traditional mechanical dissociation (see 

Materials and Methods). Viable cells (x10
6
) per gram of tissue were quantified. Average live cell yield of each 

condition are shown as horizontal lines. Scale bars = 100 μm. (n.s. = not significant; Col = collagenase; no 

enz = no enzyme; HyQ = HyQTase; Tryp = TrypLE). (Cell straining, N = 3; Col, N = 4). (▲ p < 0.05) 
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Leelatian et al., Supplementary Figure S2 

 

Figure 4-7 (S2) Fine mincing did not adversely affect live cell yield from tonsil dissociation. Live cell 

yield (x10
6
) per gram of tonsils obtained by coarse (open circles) and fine (filled circles) mincing of tonsils 

were compared after a 2-hour incubation in different enzyme combinations. All conditions contained DNase. 

Average live cell yield of each condition are shown as horizontal lines. Representative Trypan Blue stained 

images of each conditions are shown. Scale bars = 100 μm. (n.s. = not significant; Col = collagenase; no enz 

= no enzyme; HyQ = HyQTase; Tryp = TrypLE). 
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Leelatian et al., Supplementary Figure S3 

 

 

 

Figure 4-8 (S3) Trypan Blue staining allowed quantification of live cell yield. Higher resolution of 

Trypan Blue stains shown in Figure 1. No enz = no enzyme; HyQ = HyQTase; Tryp = TrypLE; Col 

=collagenase. Scalebars = 100 µm. 
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Leelatian et al., Supplementary Figure S4 

 

Figure 4-9 (S4) Histone H3 effectively identifies intact Jurkat cells via fluorescence flow cytometry. (A) 

Intact Jurkat T cells (98.4%) were identified by conventional biaxial analysis using SSC-A (x-axis) and FSC-A 

(y-axis). 98.9% of intact Jurkat cells were HH3
+
 (nucleated). (B) Sequential gating starting with HH3 identified 

97.3% nucleated events, 99.8% of which were defined as intact cells based on FSC-A and SSC-A biaxial 

analysis. 
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Leelatian et al., Supplementary Figure S5 

 

 

Figure 4-10 (S5) Histone H3 is an antibody-based nucleated cell marker for mass cytometry. Live 

surface stained healthy human PBMCs were stained intracellularly with HH3 antibody and iridium. Either HH3 

(A) or iridium (Ir) (B) was used for the initial intact cell gates. CD45
+
 events were identified. Sequential biaxial 

gating was used to identify known cell subsets from either HH3
+
CD45

+
 or Ir

+
CD45

+
 events. Gating subsets of 

CD45
+
 immune cells is the same for both HH3

+
 nucleated cells and Ir

+
 intact cells. Pearson analysis and 

Spearman rank comparing abundance of terminal cell subsets (fuchsia) gated using either HH3 or iridium as 

intact cell marker are shown in Table S3. 
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Leelatian et al., Supplementary Figure S6 

 

 

Figure 4-11 (S6) Glioma infiltrating immune cells were identified by immunohistochemistry. 

Hematoxylin and eosin (H&E) stains of FFPE sections of glioma, G-RT-06, are shown. IHC stains with CD45 

and CD3 antibodies of the same sample are also depicted. Scale bars = 50 μm 
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Leelatian et al., Supplementary Figure S7 

 

 

Figure 4-12 (S7) Known cell subsets in glioma were identified by fluorescence flow cytometry after 

dissociation with either collagenase IV, V, or XI. Sequential biaxial gating of glioma G-RT-06 after 1-hour 

dissociation with DNase plus either (A) Col IV, (B) Col V, or (C) Col XI is shown. The gates shown are the 

same used in DNase plus Col II dissociation of the same glioma shown in Figure 3A. Abundance of subsets 

are shown as percentages. 
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Leelatian et al., Supplementary Figure S8 

 

 

Figure 4-13  (S8) Known cell subsets in tonsil were identified by fluorescence flow cytometry after 

dissociation with either collagenase IV, V, or XI. Biaxial gating of patient-derived tonsil after 1-hour 

dissociation with DNase plus either (A) Col IV, (B) Col V, or (C) Col XI, is shown. Gating scheme is similar to 

that used to identify cell subsets of the same tonsil sample after DNase plus Col II dissociation shown in 

Figure 3C. Abundance of cell subsets are shown as percentages. 
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Leelatian et al., Supplementary Figure S9 

 

 

Figure 4-14 (S9) Unstained melanoma cells showed variable auto-fluorescence signal. (A) Unstained 

intact cells from primary (P) and metastatic (M) sites of melanoma MP-04, as well as MeWo melanoma cell 

line, and (B) two patient-derived glioma samples (G-LC-15, and G-RT-06) and one tonsil (T02-23), were 

measured for their auto-fluorescence signal on Ax488, PE, and PE-Cy7 channels. Histograms display 

transformed ratio of medians of signal intensity compared with the minimal signal of each column (channel). 
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Leelatian et al., Supplementary Figure S10 

 

 

 

 

Figure 4-15 (S10) – Cell subsets in melanoma can be characterized by mass cytometry. HH3
+
 nucleated 

cells from melanoma sample MP-026, identified by mass cytometry, were characterized for cell subsets by 

biaxial analysis. Immune cell subsets, endothelial cells, and non-immune, non-endothelial cell subsets were 

identified using 12 cell identity markers (CD45, CD31, HLA-DR, CD3, CD8a, CD45RO, Nestin, SOX2, HLA-

ABC, Cytokeratin, and Vimentin). 
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Figure 4-16 (S11) Presence and abundance of tonsil cell subsets were comparable after 1-hour 

dissociation with different types of collagenases plus DNase. Patient-derived tonsils were dissociated for 

1 hour with DNase plus either Col II, IV, V, or XI. Nucleated (HH3
+
) cCasp3

-
 events were mapped 

simultaneously by viSNE. Contour plots of different dissociation conditions are shown to illustrate cell density 

(first column, top row). Heat plots show expression of 15 cell identity markers (CD45, CD3, CD4, CD8, CD27, 

CD45RA, CD45RO, CD19, IgM, IgD, HLA-DR, CD38, CD11c, CD86, and CD14). 
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Leelatian et al., Supplementary Figure S12 

 

 

Figure 4-17 (S12) GFAP
+
 cell subsets are present in gliomas. Hematoxylin and eosin (H&E) stains of 4 

gliomas are shown (top row). Green arrowheads depict blood vessels or vascular proliferation, and dashed 

borders show area of necrosis. GFAP staining (bottom row) of the same tumors illustrates GFAP
+
 (red 

arrowheads) and GFAP
-
 (blue arrowheads) cells. Scale bars = 50 μm. 
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Leelatian et al., Supplementary Figure S13 

 

 

Figure 4-18 (S13) Disproportionate depletion and selection of immune cell subsets was observed in 

tonsil samples with collagenase II dissociation over time. (A) Biaxial gating was used to identify apoptotic 

(cCasp3
+
) events, as well as intact nucleated immune cell subsets, in tonsils after 1-hour dissociation with Col 

II plus DNase. Terminal gates are outlined as dashed gates. (B) A similar gating scheme as in (A) was 

applied to cells obtained from different duration after dissociation with Col II plus DNase (x-axis) of the same 

tonsil sample. Abundance of terminal cell subsets were quantified as percentages compared to non-apoptotic 

nucleated (cCasp3
-
HH3

+
) cells (y-axis). (C) Abundance of apoptotic cells from different time points after 

dissociation is shown as percentage compared to all events.  
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Table 4-2 (S1) Fluorescence antibodies 

 

  

Table 4-3 (S2) Mass cytometry antibody panel for healthy PBMCs 

 

 



   
 

 93  
 
 

Table 4-4 (S3)  Pearson analysis and Spearman rank comparing histone H3 and Iridium as intact 
cell markers 
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Table 4-5 (S4) Mass cytometry antibody panels for dissociated solid tissues and tumors 
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CHAPTER V 

 

BRAF AND MEK INHIBITOR THERAPY ELIMINATES NESTIN EXPRESSING 

MELANOMA CELLS IN HUMAN TUMORS 

Authors: Deon B. Doxie1,2, Allison R. Greenplate 1,2,3, Jocelyn S. Gandelman2,3,4, Kirsten E. 
Diggins1,2, Caroline E. Roe1,2,3, Kimberly B. Dahlman2, Jeffrey A. Sosman4, Mark C. 
Kelley2,5, and Jonathan M. Irish1,2,3 

This work is presented as it appears in its manuscript form to Pigment Cell and Melanoma 

Research 2018. 

Preface 

Chapter 5 utilizes single cell approaches demonstrated in Chapters 2-4 to characterize 

dabrafenib and trametinib responses in BRAFV600mut melanoma. Recent studies that utilize 

transcriptional profiling have identified resistant cells in relapsed tumors, however, these 

results don’t align to identify a common resistant cell phenotype. From biomarker 

characterization of 32 cells expressed by cells my analysis revealed patients contained 

distinctly heterogeneous populations of cells before therapy, however, a common 

phenotype emerged after combination targeted therapy. Treatment strategies have recently 

begun to move towards combining immune checkpoint blockade and targeted therapies in 

patients simultaneously.  Because this approach revealed new in-vivo biology that has not 

been documented previously, I believe this approach could be useful for evaluating the 

treatment response of new treatment strategies.   
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Summary 

Little is known about the in vivo impacts of targeted therapy on melanoma cell abundance 

and protein expression.  Here, 21 antibodies were added to an established melanoma 

mass cytometry panel to measure 32 cellular features, distinguish malignant cells, and 

characterize dabrafenib and trametinib responses in BRAFV600mut melanoma.  Tumor cells 

were biopsied before neoadjuvant therapy and compared to cells surgically resected from 

the same site after 4 weeks of therapy.  Approximately 50,000 cells per tumor were 

characterized by mass cytometry and computational tools t-SNE/viSNE, FlowSOM, and 

MEM.  The resulting single cell view of melanoma treatment response revealed initially 

heterogeneous melanoma tumors were consistently cleared of Nestin expressing 

melanoma cells.  Melanoma cells subsets that persisted to week 4 were heterogeneous but 

expressed SOX2 or SOX10 proteins and specifically lacked surface expression of MHC I 

proteins by MEM analysis.  Traditional histology imaging of tissue microarrays from the 

same tumors confirmed mass cytometry results, including persistence of NES- SOX10+ 

S100β+ melanoma cells.  This quantitative single cell view of melanoma treatment 

response revealed protein features of malignant cells that are not eliminated by targeted 

therapy. 
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Significance 

This study creates a 32-marker mass cytometry panel for melanoma and applies it to 

deeply characterize melanoma cell protein expression signatures before and after 

neoadjuvant therapy targeting BRAF and MEK.  Targeted therapy is revealed to clear 

Nestin-expressing melanoma cells, which are considered a hallmark of aggressive, 

metastatic melanoma.  Persisting subsets after targeted therapy also lacked surface 

expression of MHC I, which may inform strategies for combining targeted therapy and 

immunotherapy.   This study reveals new in vivo biology of melanoma cells that can be 

used as a reference point for patient-derived xenograft and cell line research models.  



 
 

 98  
 
 

Introduction   

Study of melanoma and other solid tumors has increasingly moved towards approaches 

that monitor the collection of cell types within tumors including cancer cells, immune cells, 

fibroblasts, and other stromal cells (Irish, 2014). Studying the heterogeneous cells within 

patients’ tumors could identify malignant or immunologic cell types that may predict 

treatment response or resistance (Johnson et al., 2016). Only recently have studies begun 

to perform single cell analysis on matched tumors from patients before and after therapy 

(Hugo et al., 2015; Tirosh et al., 2016). These single cell studies have focused on RNA 

expression and use measurements of selected proteins as a confirmation tool.  Pairing 

longitudinal studies with single cell analysis of proteins involved in melanoma cell identity 

and function could lead to a better understanding of the evolution of resistance and therapy 

evasion (Irish, 2014; Meacham and Morrison, 2013). 

Technological advances have led to the development of several platforms made to dissect 

cell diversity. Single-cell genomic approaches enable a detailed evaluation of genomic and 

transcriptional features of cancer cells (Patel et al., 2014; Tirosh et al., 2016). While studies 

that utilize transcriptional profiling have identified resistant cells in relapsed tumors, these 

results don’t align to identify a common resistant cell phenotype (Hugo et al., 2015; Tirosh 

et al., 2016).   Furthermore, discrepancies between mRNA and protein expression indicate 

not all transcripts are regulated in a way that leads to detectable levels of protein 

(Koussounadis et al., 2015; Zhang et al., 2014b). Mass cytometry uses metal labeled 

antibodies detected using time-of-flight mass spectrometry, permitting detection of more 

than 30 proteins per cell (Bendall et al., 2011; Bjornson et al., 2013).  The use of metal 
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labeled, rather than fluorophore-labeled, antibody tags significantly reduces issues with 

spectral overlap and cell autofluorescence (Leelatian et al., 2017a; Nicholas et al., 2016). 

Due to these advantages, mass cytometry has gained acceptance for the study of solid 

tissues (Wang et al., 2016; Wogsland et al., 2017). More recently, standardized methods 

have been developed to create viable single cell suspensions from solid tumors and tissues 

(Leelatian et al., 2017b). 

This study introduces the application of mass cytometry to study the cell diversity of human 

melanoma tumors by measuring 32 proteins simultaneously before and during ongoing 

targeted therapy from the same tumor sites. This work aims to characterize and track 

changes to cancer cell phenotype that appear during combination BRAFV600E and MEK 

inhibition. By simultaneously measuring several proteins in tens of thousands of cells, mass 

cytometry could reveal novel features defining subsets that may be used for future 

therapeutic development (Irish, 2014; Spitzer and Nolan).  Ideally, by revealing new cell 

types and their signature features, a single cell systems biology approach might both 

provide ways to track heterogeneous melanoma cell subsets and discover new hypotheses 

for cellular mechanisms of resistance. 

Materials & Methods 

Cell Culture and Cell Lines. MeWo, A2058, WM115, and SKMEL28 cells were grown in 

Minimum Essential Medium (Mediatech, Inc., Manassas, VA), supplemented with 10% fetal 

bovine serum (Gibco standard FBS, Life Technologies, Grand Island, NY), 1% penicillin 

(Gibco), and 1% streptomycin (Gibco). Jurkat T cells were grown in RPMI (Mediatech, Inc., 

Manassas, VA) supplemented with 10% fetal bovine serum (Gibco standard FBS, Life 
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Technologies, Grand Island, NY), 1% penicillin (Gibco), and 1% streptomycin (Gibco). All 

cell lines were acquired as gifts from the laboratory of Dr. Vito Quaranta.  

Tumor Collection and Dissociation. Lymph nodes and subcutaneous tumors from adults 

with metastatic melanoma were biopsied or surgically resected from 15 individual patients 

accordance with the Declaration of Helsinki. Institutional ethics approval was obtained from 

the Vanderbilt Institutional Review Board (project numbers 121165 and 030220). All 

patients had provided written informed consent prior to inclusion in the study. All patients in 

this study presented with either several subcutaneous legions or distal metastasis. All 

tumors within the study were thought to arise as cutaneous legions because no evidence of 

disease was present in mucosal epithelium or retinas. 11 patients received two weeks of 

BRAFV600E inhibitor dabrafenib followed by two weeks of dabrafenib and MEK inhibitor 

trametinib (Supplementary Table S1 and (Johnson et al., 2015)). Pretreatment (Pre-Tx) 

tumors were naïve to BRAFV600E inhibitor dabrafenib MEK inhibitor trametinib. More details 

of patients from this clinical study can be found with clinical trial code NCT01701037. Core 

biopsies were obtained before therapy and remaining tumors were surgically resected after 

four weeks of therapy. Tumor samples were enzymatically digested into a single-cell 

suspension and cryopreserved with techniques developed specifically to isolate viable 

melanoma tumor cells (Leelatian et al., 2017a; Leelatian et al., 2017b). Finally, before and 

after cryopreservation all samples were inspected with a hemocytometer and trypan blue 

staining (Thermo Fisher Scientific, Waltham, MA). 

 

Tissue Microarrays and Immunohistochemistry. Melanoma tumors from the study were 

prepared and processed into TMAs by the VUMC Translational Pathology Shared 
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Resource (TPSR) (Supplementary Table S1). Immunohistochemistry of serial sections (<10 

µm) from TMAs was performed by the VUMC TPSR. Digital images were obtained with an 

Ariol SL-50 automated scanning microscope and the Leica SCN400 Slide Scanner from 

VUMC Digital Histology Shared Resource. 

Fluorescence Flow Cytometry. Lives cells from patient 001 (MP-001) and Jurkat T cells 

were stained with fluorescent antibodies to analyze signaling status. Before stimulating 

cells for signaling, Alexa fluorophore 700 (Thermo Fisher Scientific, Waltham, MA) was 

added, as previously described (Irish and Doxie, 2014; Leelatian et al., 2017a).  Alexa 

fluorophores can be used to test membrane permeability as a way to exclude dead and 

dying cells (Irish and Doxie, 2014; Krutzik and Nolan, 2006). Unstimulated cells and 

stimulated cells were allowed to rest in an incubator for 30 minutes in RPMI (Mediatech, 

Inc., Manassas, VA), supplemented with 10% fetal bovine serum (Gibco standard FBS, Life 

Technologies, Grand Island, NY). Stimulated cells were treated with 3.3 mM hydrogen 

peroxide for 4 minutes. After 34 minutes  cells were fixed with 1.6% paraformaldehyde 

(Electron Microscopy Services, Fort Washington, PA) for 10 min at room temperature, 

washed with PBS (HyClone Laboratories, Logan, UT), pelleted at 800 × g, and 

permeabilized with 100% ice-cold methanol (Fisher Scientific, Waltham, MA) at −20°C 

overnight following established protocols (Irish et al., 2010b; Krutzik and Nolan, 2003; 

Leelatian et al., 2015). Cells were washed twice with cell staining media composed of PBS 

and 1% BSA (Fisher Scientific, Waltham, MA) and pelleted at 800 x g. Each sample was 

stained with 100 µl staining media for 15 minutes at room temperature. MP-001 was 

stained with phospho-specific antibodies p-SRC, p-ERK, and p-AKT for 15 minutes (BD 
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Biosciences, San Jose, CA and Cell Signaling Technology, Danvers, MA). Jurkat T cells 

were stained with p-SRC and p-ERK for 15 minutes (BD Biosciences, San Jose, CA). After 

staining, cells were washed twice with PBS, pelleted at 800 x g, and resuspended in PBS 

for analysis on a 5-laser LSRII (BD Biosciences, San Jose, CA) at the Vanderbilt Flow 

Cytometry Shared Resource. 

Mass Cytometry.   Live cells from tumors obtained from the same dissociation conditions 

as fluorescence flow cytometry analysis were stained for cell surface markers, fixed, 

permeabilized, and washed in concordance with established dissociation and mass 

cytometry protocols (Leelatian et al., 2015; Leelatian et al., 2017b). Rhodium intercalator 

was utilized as a membrane permeability reagent to computationally remove dead cells 

from the data (Ornatsky et al., 2008) (Fluidigm). Permeabilization with 0.02% Saponin 

(Millipore, Darmstadt, Germany) in PBS was also included before methanol 

permeabilization as part of an optimized multi-step protocol to detect SOX2 and MITF. 

Saponin staining was performed for 30 minutes with anti-SOX2 and MITF antibodies. Cell 

staining after methanol permeabilization was performed for 15 minutes at room temperature 

with iridium intercalator and metal-tagged antibodies (Supplemental Table S2). After 

staining, cells were washed once with PBS, once with deionized water, pelleted at 800 x g, 

resuspended in deionized water, and collected using a CyTOF 1 (Fluidigm) mass 

cytometer. 

Data Analysis.  Cytobank was used to store .fcs files and perform data analysis including 

viSNE gating of major tumor cell populations (Amir el et al., 2013; Kotecha et al., 2010). 

Statistical analysis of cells gated from samples before and after therapy was performed 
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using commercial 2D graphing and statistics software GraphPad Prism.  Tracking the 

percent abundance of cells from FlowSOM analysis was performed in STATA 14.2.  MEM 

and FlowSOM analysis were performed in program language R. (Diggins et al., 2018; 

Diggins et al., 2017; Van Gassen et al., 2015b) (https://mem.vueinnovations.com). 

Single Cell Analysis of Human Melanoma Tumors.  Viable nucleated cells were gated 

with total histone H3 and rhodium intercalator for 7 sets of matched tumors (MP-029, MP-

031, MP-032, MP-034, MP-055, MP-059, and MP-062) using established methods 

(Leelatian et al., 2017a; Leelatian et al., 2017b). The patient-specific viSNE analyses were 

performed with 28 of 32 markers to avoid channels potentially affected by gadolinium MRI 

contrast agent that the patients received before surgery (Supplementary Table S2). Major 

populations of cells were identified and quantified using expert gating performed on patient-

specific viSNE maps of the pre-  post-therapy tumors. (Supplementary Table S3). 

To study how cellular heterogeneity was affected by therapy, cells were placed into a 

workflow that emphasized unsupervised subset identification, characterization, and data 

visualization with FlowSOM, MEM and viSNE analysis (Diggins et al., 2015; Diggins et al., 

2018; Diggins et al., 2017; Van Gassen et al., 2015a). To identify subsets enriched before 

and after therapy, the viSNE analysis was performed using 17 markers with a variance 

greater than 0.2 (Supplementary Table S2). FlowSOM cluster analysis was conducted 

using t-SNE axes as inputs for clustering. 

Additional patient’s melanoma cells included within Figure 4 were gated as CD45 negative. 

Cells from these patients were analyzed using shared markers from the optimized 
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melanoma mass cytometry panel (MP-004, MP-012, MP-019, MP-022, MP-023, MP-040, 

and MP-054) (Supplementary Table S2). 

Statistics.  Non-parametric Kolmogorov-Smirnov tests with a significance threshold of 

p=0.05 were used to compare differences in median mass intensity in Figure 4. Wilcoxon 

signed rank tests with a significance threshold of p=0.05 were used to compare differences 

in cellular abundance of cell subsets from matched patient samples in Supplementary Fig. 

S2 and S3. Statistical tests were performed using commercial 2D graphing and statistics 

software GraphPad Prism. 

Data Availability. Mass cytometry data for this manuscript can accessed via 

FlowRepository (https://flowrepository.org/). 

Results 

32-antibody mass cytometry panel and unsupervised computational analysis 

characterize protein expression in single cells from human melanoma tumors. 

Human melanoma tumor core biopsies and surgically resected human tumors were 

dissociated into single cell suspensions (Supplementary Table S1) (Leelatian et al., 2017a).  

Melanoma tissue samples comprising 14 sample pairs from 7 patients were placed into an 

analysis workflow to stain cell suspensions with an updated panel that contained 21 

additional markers (Supplementary Table S2) (Leelatian et al., 2017a).  Mass cytometry 

data generated from a pre-therapy (Pre-Tx) biopsy of tumor cells from melanoma patient 

(MP) number 59 (MP-059) and the general data analysis workflow are shown in Figure 1.  

Pre-Tx samples were from tumors naïve to BRAFV600E inhibitor dabrafenib and MEK 

inhibitor trametinib and were obtained just prior to the initiation of therapy, which culminated 

https://flowrepository.org/
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in surgical resection after four weeks (see Methods).  Tumor heterogeneity was visualized 

using the Cytobank implementation of viSNE/t-SNE (Amir el et al., 2013), which organized 

cells in a two dimensional graph so that cells with similar protein expression patterns were 

placed near each other to form islands of phenotypically similar cells (Fig. 1A). Next, 

marker enrichment modeling (MEM, (Diggins et al., 2018; Diggins et al., 2017) objectively 

described the enriched protein features of the observed tumor cell types (Fig. 1B).  The 

scale for MEM starts at +10 (most enriched), continues through 0 (no enrichment), and 

ends at -10 (most excluded).   For example, one MEM label was ▲CD45+3 CD49F+3 

CD19+2 MHCI+1 ▼SOX10-4 S100β-4 MCAM-2 CD44-2 BCAT-1 α-SMA-1 (Fig. 1B, MP-059 

Pre-Tx tumor cell population #7), which indicted these cells were relatively enriched for B 

lineage CD19 and leukocyte CD45 proteins and specifically lacking melanoma cell proteins, 

including S100β, SOX10, and MCAM (Fig. 1B).  This computational workflow using viSNE 

and MEM reduces bias that can arise in manual gating and characterizes phenotypically 

unusual cells that may be overlooked or hidden in traditional analyses (Diggins et al., 2015; 

Diggins et al., 2017; Irish, 2014).  

From the protein expression and cellular abundance data in the viSNE and MEM analysis, 

cells were classified into one of the five major groups (Supplementary Table S3). The most 

abundant stromal populations were defined as follows: 1) leukocytes (CD45hi and MHC 

class I), 2) fibroblasts (Thy-1/CD90, α-SMA), 3) endothelial cells (PECAM/CD31 and MHC 

class I) and 4) epithelial cells (cytokeratin and MHC class I) (Fig. 1B, 1C, and 1D). The 

panel was also developed to detect epithelial cells, however, epithelial cells were not 

detected within the tumors of this study (Supplementary Table S3). Cells negative for 
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markers of stromal cell populations were identified as melanoma cells. Melanoma cells 

varied in phenotype, however, these cells reliably displayed features consistent with 

melanoma cell identity including loss of MHC class I or expression of Nestin, SOX10, 

SOX2, MCAM, or S100β (Fig. 1B, 1C, and 1D). 

In addition to the melanoma and tumor cell identity markers in the mass cytometry panel 

used here (Figure 1), panel design experiments also included analysis of phospho-proteins 

that had been previously validated for fluorescence and mass cytometry (Irish et al., 2004b; 

Irish et al., 2010b; Krutzik and Nolan, 2003).  For example, phospho-flow analysis of viable 

post-treatment melanoma tumor cells obtained at following dabrafenib and trametinib 

revealed essentially no remaining phosphorylation of ERK1/2 or other kinases 

(Supplementary Fig. S1).  Furthermore, stimulation with 3.3 mM peroxide, a positive control 

for phosphorylation that inhibits protein tyrosine phosphatase activity in leukocytes and 

melanoma cells (Irish et al., 2010b; Polikowsky et al., 2015), revealed melanoma cell 

signaling potential was suppressed (Supplementary Fig. S1). Melanoma cells obtained 

after BRAF and MEK inhibitor treatment were viable according to two standard tests, 

hemocytometer analysis of trypan blue exclusion and flow cytometer analysis of Alexa 

fluorophore exclusion (see Methods). These results demonstrated a profound lack of 

signaling capacity in melanoma cells following BRAF and MEK inhibitor treatment. Because 

observed signaling responses were effectively suppressed after kinase inhibitor therapy, 

antibodies detecting phospho-proteins were not included in the optimized melanoma mass 

cytometry antibody panel (Supplementary Table S2), which was tailored to focus on 
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features of melanoma cell identity, neural stem and progenitor cells, trafficking, and 

immune interaction. 

BRAF and MEK inhibitor treatment alters tumor phenotype through elimination or 

expansion of distinct melanoma cell subsets. Analysis of changes in the major stromal 

cell types from melanoma tumors was compared before and after therapy. The stromal 

population was quantified from the expert drawn gates of 14 individual viSNE analyses of 

cells from 7 matched tumor samples obtained Pre-Tx or following surgical resection after 

BRAF and MEK targeted therapy (Week 4). No significant difference was found between 

bulk populations of Pre-Tx and Week 4 fibroblasts, endothelial cells, or leukocytes 

(Supplementary Fig. S2). Previous reports have shown changes in subsets of infiltrating T 

cells (Frederick et al., 2013). A relative increase in CD3 T cells and cytotoxic CD8+ T cells 

was observed in tumors following therapy (p=0.02 for both, Supplementary Table S3). 

To establish a methodology to identify features of cell populations that escaped targeted 

therapy, Pre-Tx and Week 4 tumor cells from MP-059 were analyzed simultaneously in a 

new viSNE map (Fig. 2A). Features for viSNE analysis were selected based on a variance 

of 0.2 or greater across 14 melanoma tissue samples (Supplementary Table S2) following 

established methods (Irish et al., 2004b; Irish et al., 2010b). Cells from this viSNE analysis 

were next characterized by MEM to quantify feature enrichment and phenotypic stability 

over time during treatment (Fig. 2B). 

Analysis with viSNE and MEM indicated Pre-Tx cells were enriched for neural crest stem 

cell markers Nestin, SOX10, SOX2, CD49F, and melanoma diagnostic biomarker S100β 

(Ordonez, 2014). In contrast, Week 4 cells lost Nestin and CD49F expression and 
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expressed other markers of neural crest identity including NGFR, SOX10, and SOX2. 

Furthermore, Week 4 cells specifically lacked immune interaction protein MHC I (Fig. 2C) 

(Garcia-Lora et al., 2003). The overall change in tumor phenotype was calculated as 

change (Δ) in MEM (ΔMEM) by subtracting Week 4 MEM enrichment scores from those 

measure in the Pre-Tx sample (Diggins et al., 2018). ΔMEM analysis revealed Nestin, a 

neural cell filament (Park et al., 2010), and CD49F, a stem-cell niche associated integrin 

(Krebsbach and Villa-Diaz, 2017), were the melanoma cell features whose enrichment 

changed the most from Pre-Tx to Week (Fig. 3). These results provided a quantitative 

workflow to characterize and track changes in tumor heterogeneity. 

Combined viSNE analysis of melanoma tumors identifies patient-specific changes in 

tumor phenotype following BRAF and MEK inhibitor treatment. To systematically 

identify subset phenotypes that escape therapy, matched tumors were placed into an 

analysis workflow that identifies and characterizes subset phenotypes from a sequential 

viSNE, FlowSOM, and MEM analysis (Supplementary Fig. S4A). Using this unsupervised 

approach minimizes the influence of human bias between users and could reveal 

information about populations that may be overlooked with biaxial gating alone. Equal 

numbers of melanoma cells from 7 pairs of samples Pre-Tx and Week 4 melanoma tumors 

were next analyzed in one new viSNE map (Fig. 3).  Analysis of the pre-therapy samples 

within one viSNE map made it apparent that melanoma cell phenotypes were largely 

distinct for each patient Pre-Tx (Fig. 3A). Some tumors were relatively homogenous in 

phenotype (Fig. 3A, MP-029, MP-032, and MP-062), whereas other tumors contained 

multiple phenotypically distinct cell types that formed well-separated ‘islands’ in the 
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common viSNE map (Fig. 3A, MP-031, MP-034, MP-055, and MP-059). These results were 

observed when heat plots of cell density for each sample were overlaid on a black and 

white contour plot showing the density of all cells. Analysis of Week 4 cells for each patient 

revealed the emergence of subset phenotypes that did not exist before therapy (Fig. 3A, 

MP-029, MP-032, MP-034, and MP-059), or little change from the pre-existing phenotype 

(Fig. 3A, MP-031, MP-055, and MP-062).  

An unsupervised analysis approach was next used to identify melanoma cell subsets that 

evaded therapy.  FlowSOM, a machine learning tool based on self-organizing maps (Van 

Gassen et al., 2015b), was used to automatically identify cell subsets within the common 

viSNE map of Pre-Tx and Week 4 (Fig. 3B).  Manual analysis by experts was conducted 

prior to FlowSOM analysis and revealed approximate 30 phenotypically distinct cell types 

within the combined set of Pre-Tx and Week 4 melanoma tumors.  FlowSOM analysis was 

used to automatically identify 30 phenotypically distinct cell subsets in Pre-Tx and Week 4 

tumor samples (Fig. 3B) and then percent abundance for each cell subset was quantified 

(Fig. 3C, Supplementary Table S4). 

Cell subsets were categorized into three groups by comparing Pre-Tx and Week 4 subset 

abundance (Supplementary Figure S4).  An intra-tumoral cell subset was considered to 

have regressed when >75% of its cells were observed Pre-Tx, meaning that it decreased in 

abundance by at least 50% on treatment.  In contrast, a subset was considered to have 

emerged when >75% of its cells were seen at Week 4.  All other subsets demonstrated less 

than 50% change from Pre-Tx to Week 4 and were considered to have persisted 

(Supplementary Figure S4).  Thus, the terms regressing, persisting, and emerging used 
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here refer to changes in the abundance of cells within a single tumor and are not 

comparable to overall clinical assessments of patient responses to treatment.  Once 

subsets were categorized, MEM was used to identify common phenotypic signatures of 

each melanoma cell group.  Compared to the other subsets, regressing melanoma cell 

subsets (Fig 3C, e.g. subsets 24, 27, 1, and 26) were enriched for neural crest stem cell 

proteins Nestin, CD49F, SOX2, and SOX10, melanocyte biomarker S100β, and immune 

interaction protein MHC I (Supplementary Table S4 and Supplementary Fig. S4).  In 

contrast, the emerging melanoma cell subsets especially lacked Nestin and CD49F 

(Supplementary Table S4 and Supplementary Fig. S4).  The phenotypes of the persisting 

cells were more heterogeneous, and no proteins were especially enriched in these cells 

(e.g., Supplementary Figure S4, SOX2, SOX10, and CD49F).  However, persisting cells 

contrasted with both regressing and emerging cell subsets, in that they most commonly 

lacked MHC class I protein expression (Supplementary Figure S4 and Supplementary 

Table S4).   

 

Significant loss of Nestin protein expression was observed in melanoma cells at 

Week 4 following dabrafenib and trametinib. Since the melanoma cell subsets with the 

greatest changes in abundance on treatment also shared similar phenotypes, median 

protein expression was next analyzed in aggregate comparisons of all Pre-Tx cells to all 

Week 4 cells.  Unpaired comparisons of 4 melanoma cell lines, 14 Pre-Tx samples, and 11 

Week 4 samples showed that median Nestin protein expression was significantly lower in 

Week 4 samples than in Pre-Tx samples (p=0.04, Fig. 4A).  Melanoma cell lines generally 

expressed high levels of Nestin protein (MeWo, A2058, and WM115), although SKMEL28 
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cells were an exception and only moderately expressed Nestin.  CD49F, MCAM, MHC II, 

and CCR4 were also expressed in Pre-Tx melanoma cells, but no statistically significant 

difference in median protein expression was observed between Pre-Tx and Week 4 (Fig. 

4). Paired comparison of the 21 most highly expressed melanoma cell proteins in Pre-Tx 

and Week 4 samples also showed significant decreases in median expression of Nestin, 

MHC class I, CD49F, and EGFR protein (Supplementary Figure S6).  Features previously 

associated with response (MITF) or resistance (AXL, EGFR) were expressed at low levels 

in tumor samples and did not change significantly over time (Supplementary Fig S6). 

 

Parallel mass cytometry and immunohistochemical analysis show loss of Nestin 

protein expression in melanoma cells at Week 4 following dabrafenib and trametinib.  

Standard formalin fixed, paraffin-embedded archival tissue blocks of the same tumor 

specimens studied by mass cytometry were available for four tumors.  However, images 

from immunohistochemistry (IHC) staining of tissue will include all cells, whereas the mass 

cytometry analyses here used gating to analyze proteins specifically within melanoma cells.  

To compare mass cytometry findings to traditional IHC, mass cytometry data were re-

analyzed to calculate the percentage of Nestin expressing cells within all live tumor cells 

(Fig. 5).  Next, hematoxylin counterstain and expression of Nestin, SOX10, and S100β 

were evaluated by IHC in subcellular sections (<10 µm) of tissue microarrays (TMAs) from 

four tumors also analyzed by mass cytometry.  A comparable loss of Nestin expression 

between Pre-Tx and Week 4 was apparent in both mass cytometry and IHC (Fig. 5C).  

Furthermore, Week 4 melanoma cell abundance and Nestin heterogeneity were also 

observed to be comparable in both mass cytometry and IHC in all TMAs (Fig. 5C, SOX10 
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and S100β expression in Nestin negative cells).  While Nestin was most abundant Pre-Tx, 

different intensities in Nestin expression among neighboring melanoma cells also provided 

another indicator of intra-tumor cellular heterogeneity (e.g. Patient 22, Fig. 5C and 

Supplementary Fig. S7).  

To investigate these results further, Kaplan-Meier statistical analysis was performed on 11 

patient sets, which revealed no significant association between Nestin or CD49F 

expression and outcome (Supplementary Fig. S8). Analysis of tumor size suggested that 

low expression of Nestin and CD49F might be more common in larger tumors 

(Supplementary Fig. S9). Additional analysis of publicly available single-cell RNA-Seq data 

from therapy naïve and relapse samples revealed increased Nestin transcript expression at 

the time of relapse in some samples (Supplementary Fig. S10) (Tirosh et al., 2016). Taken 

together with the protein measurements made at Week 4 here, these findings suggest that 

melanoma cells lacking Nestin protein after treatment may be capable of repopulating the 

Nestin-expressing melanoma cell population by the time of relapse. 

Discussion 

These results reveal the loss of Nestin-expressing tumor cells, a hallmark of aggressive, 

metastatic disease, immediately after targeted BRAFV600E and MEK inhibitor therapy. 

Nestin expression has previously been associated with advanced stage melanoma, stem-

ness, and dissemination of circulating melanoma cells (Akiyama et al., 2013; Fusi et al., 

2010; Ladstein et al., 2014). However, Nestin negative cells persisted and emerged after 

therapy, and these cells maintained other features of neural crest identity, including SOX2, 

CD49F, and SOX10 expression (Simoes-Costa and Bronner, 2015). To date, the depletion 
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of Nestin has been shown to produce invasive phenotypes in melanoma, however, a direct 

link between MAPK inhibition and melanoma phenotype has not been previously 

established (Lee et al., 2014). Three central elements of the approach here were the focus 

on single cell measurements of core cell identity proteins, comparison of cells from one 

tumor over time, and unsupervised computational analysis.  This approach was especially 

useful in revealing phenotypically distinct populations of melanoma cells present in 

resected Week 4 tumor samples.  The melanoma cells observed at Week 4 contrasted 

significantly with the cells observed in the same tumors prior to the start of BRAF and MEK 

inhibitor treatment (Fig. 3, Fig. 4, and Supplementary Fig. 4) and with cells characterized at 

the time of relapse in other studies (Hugo et al., 2015; Tirosh et al., 2016).  Thus, while 

relapse is likely driven by diverse mechanisms among patients, the populations of cells 

initially involved in evading a single treatment may have common, targetable features. 

While the selection of stem-like subsets has been implicated as the primary means of 

relapse in other cancers, cellular plasticity and therapy-induced reprogramming could be 

responsible for the shift in phenotype in melanoma (Holzel et al., 2013). Neural cell 

plasticity and therapy-induced reprogramming have previously been observed in models of 

melanoma, including the emergence of melanoma tumors that display a dependence on 

MAPK inhibition to support tumor growth (Das Thakur et al., 2013; Handoko et al., 2013; 

Sun et al., 2014).  IHC data published previously for tumors from patients on this trial 

showed a decrease in Ki67 positive cells to an average of 2.9% at Week 4 (Johnson et al., 

2015).  This result indicates that proliferation is largely absent by Week 4 and suggests it is 

unlikely that the changes in tumor composition observed here can be explained solely by 
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the growth of an intrinsically-resistant subset. Furthermore, analysis of therapy naïve and 

relapse samples suggests that the Pre-Tx cellular composition of the tumor recovers after 

the end of targeted therapy and prior to the time of relapse (Tirosh et al., 2016). 

While the increase in T cell infiltration suggested a robust response to therapy, melanoma 

cells were not completely eradicated (Frederick et al., 2013). Melanoma subsets observed 

after therapy were either emerging novel subsets not present before therapy or persisting 

MHC class I  negative cells.  Lack of MHC class I expression has been implicated in 

impaired immune surveillance (Garcia-Lora et al., 2003). It was also apparent that 

individual melanoma cells almost never co-expressed Nestin and PD-L1 (N = 7 pairs, 

Supplementary Figure 5).  At the sample level, low median PD-L1 expression was seen on 

some melanoma cell subsets (e.g. Subsets 1, 6, 11, Supplementary Figure S4).  In these 

subsets of PD-L1 expressing melanoma cells, a deficit in Nestin protein expression was 

observed.  Furthermore, in subsets where median Nestin expression was higher (e.g. 

subsets 27, 26, and 24), median PD-L1 expression was low to zero.  Taken together, loss 

of Nestin might represent a transient identity influenced by therapy, and loss or a sustained 

lack of MHC proteins coupled with PD-L1 expression could facilitate evasion from the 

immune system to enable a broader range of genomic and non-genomic alterations to arise 

at relapse (Hugo et al., 2015; Johnson et al., 2014). Targeting antitumor immunity after this 

therapeutic window could be a favorable period to kill residual cells before tolerance 

develops into clinical resistance.  

The results presented here introduce a longitudinal mass cytometry study of human 

melanoma tumors and establish a reference for future longitudinal solid tumor studies.  The 
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measurement of 32 markers of cell identity, trafficking, and immune interaction was 

especially valuable in clarifying the identity of melanoma cells which displayed unexpected 

phenotypes, such as the abnormal neural crest phenotype that persisted following 

treatment. The observed loss of Nestin and persistence of MHC class I negative subsets in 

patients could have negative consequences for other targeted therapies and 

immunotherapy. With the range of therapeutic options for melanoma rapidly growing, 

combining clinical studies with single cell analysis could identify novel features to track 

clinical responses and reveal unexpected consequences of treatment.  
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Figure Legends 
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Figure 5-1. A 32-antibody mass cytometry panel and unsupervised computational analysis 

characterize protein expression in single cells from human melanoma tumors. (A) An overview of the 

analysis approach is shown.  Melanoma tumor samples from patients enrolled in Phase II interventional study 

NCT01701037 were obtained as a biopsy prior to neoadjuvant therapy (Pre-Tx) using dabrafenib and 

trametinib therapy or from surgical resection after 4 weeks of therapy (Week 4).  Viable single cells were 

isolated following established protocols (Leelatian et al., 2016; Leelatian et al., 2017b), analyzed by mass 

cytometry, and characterized using a modular, unsupervised computational workflow created for melanoma 

from dimensionality reduction tool t-SNE/viSNE (Amir el et al., 2013), clustering tool FlowSOM (Van Gassen 

et al., 2015a), and cell subset identification and protein enrichment characterization with MEM (Diggins et al., 

2017).  In (B), viSNE plots and MEM labels used to identify and characterize cells from melanoma tumors are 

shown.  viSNE plots display all live cells from one Pre-Tx melanoma tumor (MP-059) arranged according to 

protein expression and shaded based on cell type (B, left) or abundance (B, middle, density plot).  MEM 

labels quantified protein enrichment (▲ up to +10) or specific absence (▼ down to -10) in the indicated tumor 

cell subset.  For example, melanoma cells in subset 2 had the label ▲CD49F
+3 

MHCI
+1

 SOX10
+1

 S100β
+1 

SOX2
+1

 CD44
+1

 ▼CD45
-10

 CCR4
-3

 CD3
-2

 CXCR3
-1

 MHC II
-1

, which identified this population as melanoma 

cells based on enrichment of SOX2, S100β, and SOX10 proteins and a lack of MHC II protein expression.  In 

(C) and (D), viSNE plots show the same cells from (B) but display per-cell expression of the indicated protein 

on a rainbow scale where red indicates high expression and blue indicates low expression.  Antibodies for 

protein targets listed in (C) comprised a validated backbone melanoma cell identity panel (Leelatian et al., 

2016).  (D) An additional 21 proteins were added to the melanoma mass cytometry panel here to characterize 

features of melanoma cell subsets. 
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Figure 5-2  BRAF and MEK inhibitor treatment alters tumor phenotype through elimination or 

expansion of distinct melanoma cell subsets in MP-059. (A) viSNE density plots show phenotypic change 

over time for a single melanoma tumor (MP-059).  Pre-Tx and Week 4 melanoma cells were computationally 

separated from other stromal cell types as in Figure 1 and combined for a new viSNE analysis.  (B) MEM 

labels quantify enrichment of 17 of 32 measured proteins in Pre-Tx and Week 4 melanoma cells from one 

tumor (MP-059). Features for MEM analysis were selected with a variance > 0.2 from 7 pairs of Pre-Tx and 

Week 4 tumors.  Only significantly enriched proteins are shown.  The overall change in tumor phenotype 

(ΔMEM) was calculated by subtracting Week 4 MEM enrichment scores from those measured in the Pre-Tx 

sample.  (C) viSNE plots show protein expression in cells (heat) from the combined viSNE analysis of MP-059 

melanoma cells from Pre-Tx and Week 4.  The 16 proteins with the greatest difference in expression across 

melanoma cells are shown.  
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Figure 5-3 Combined viSNE analysis of melanoma tumors identifies patient specific changes in tumor 

phenotype following BRAF and MEK inhibitor treatment. (A) viSNE density plots show phenotype and 

abundance of melanoma cells from paired samples of Pre-Tx and Week 4 tumors (N = 7 tumors).  A 

combination viSNE density plot (upper left) shows all patients combined in two plots at Pre-Tx and Week 4.  

(B) FlowSOM cluster analysis of all patients (Pre-tx and Week 4 combined, as in A) automatically identified 

phenotypically distinct subsets.  (C) Abundance (% of Pre-Tx or % of Week 4 cells) for all subsets identified 

by FlowSOM is shown, organized from least to most common in Pre-Tx or Week 4 melanoma tumors. Subset 

labels from (B) and (C) are the same and additional information on patients and subset phenotypes is shown 

in Supplementary Table S4 and Supplementary Figure S5.  
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Figure 5-4 Significant loss of Nestin protein expression was observed in melanoma cells at Week 4 

following dabrafenib and trametinib. (A) Box and whisker plots of mass cytometry data show the median 

intensity of 8 proteins for melanoma cell lines (A2058, MeWo, WM155, and SKMEL28), Pre-Tx therapy naïve 

melanoma tumors, and post-therapy Week 4 melanoma tumors. Melanoma tumor cells were gated as 

CD45
lo/-

.   
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Figure 5-5 Parallel mass cytometry and immunohistochemical analysis show loss of Nestin protein 

expression in melanoma cells at Week 4 following dabrafenib and trametinib.  (A) To compare mass 

cytometry findings to traditional IHC, which includes all tumor cells in an image, mass cytometry data were re-

gated to include all live cells.  Traditional biaxial plots of mass cytometry data shown CD45 protein expression 

(leukocytes) versus Nestin protein expression Pre-Tx and at Week 4 following treatment for four tumors.  (B) 

Pie graphs show the percentage of cells expressing Nestin observed by mass cytometry in each tumor Pre-Tx 

and at Week 4.  (C) Paraffin-embedded core biopsies from tissue microarrays of the same tumors as in (A) 

were analyzed by immunohistochemistry for Nestin protein and, in in higher magnification views, for Nestin 

and traditional histology markers of melanoma, S100β and SOX10.  Serial slices are shown for two fields of 

view per TMA per time point.  Scale bars indicate 100 µm in all images. 
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Supplementary Figure Legends 

Table 5-1 (S1) Patient Clinical Features 

Supplementary Table S1. Patient Clinical Features 

Patient Age Sex 
Histology 

Subtype 

Biopsy
±
 

Site 

Primary 

Site 

SNaPshot 

genotype* 

Prior 

treatment
§
 

Status 
Relapse 

 

Therapy After 

Relapse 

 

Trial 

Code 

MP-001 N/A F N/A LN N/A BRAF
V600E

 

GSK1120
212 

GSK2118
436 

N/A  N/A ---------- 

MP-004 N/A M N/A LN N/A BRAF
V600E

 None N/A  N/A ---------- 

MP-012 N/A M N/A LN N/A BRAF
V600E

 None N/A  N/A ---------- 

MP-019 43 M N/A 
Axillary 

LN 
N/A BRAF

V600E
 None 

Deceased 

 
 

Radiation and 

Dabrafenib 

1263-

001 

MP-022 53 F Nodular 
Inguinal 

LN 
Thigh BRAF

V600E
 None 

Disease 

Free 
 None 

1263-

003 

MP-023 66 M 
Not 

Specified 
Neck LN Scalp BRAF

V600E
 None Deceased  Pembrolizumab 

1263-

004 

MP-029
†
 37 F Nodular 

Axillary 

Ln 
Back BRAF

V600E
 None Deceased  Ipilimumab 

1263-

005 

MP-031
†
 24 F 

Not 

Specified 

Axillary 

LN 
Chest BRAF

V600E
 None 

Disease 

Free 
 None 

1263-

006 

MP-032
†
 43 F Nodular Chest Chest BRAF

V600E
 None Deceased  None 

1263-

007 

MP-034
†
 59 F SSM 

Groin, 

Thigh 
Leg BRAF

V600E
 None Deceased  

Wide Local 

Excision 

1263-

008 

MP-040 N/A M N/A LN N/A BRAF
V600E

 None N/A  N/A ---------- 

MP-054 62 M Nodular 
Upper 

Back 
Neck BRAF

V600E
 None 

Disease 

Free 
 None 

1263-

010 

MP-055
†
 50 F SSM 

Neck, 

Scalp 
Scalp BRAF

V600E
 None Deceased  None 

1263-

011 

MP-059
†
 F 72 Nodular 

Thigh, in 

transit 

disease 

Thigh BRAF
V600E

 None 
Disease 

Free 
 None 

1263-

012 

MP-062
†
 M 76 

Not 

Specified 
Scalp Scalp BRAF

V600E
 None Deceased  Radiation 

1263-

013 
±
All patients studied in this manuscript presented with either several subcutaneous legions or distal metastasis. All tumors 

in the study are presumed to have arisen as cutaneous legions because no primary disease was present in mucosal 

epithelium or retina.  * SNaPshot genotyping tests 48 mutations in NRAS, BRAF, KIT, CTNNB1, GNA11, and GNAQ (Lovly C 

et al., PLoS ONE 2012;7(4):e35309.) 
§
 Treatment ≤1 month prior refers to any treatment that occurred less than 1 month 

before biopsy  Patients with trial codes 1263-XXXX were offered BRAFi GSK2118436 for 2 weeks immediately following 

baseline biopsy.  Patients also received combination BRAFi + MEKi ( GSK1120212 and GSK2118436) for 2 weeks 

immediately following BRAFi. At the end of one month the patients’ tumors were surgically resected 
†
Patients analyzed 

with a 32 marker mass cytometry panel (Table S2) and included in Figures 3 and 4. 
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Table 5-2 (S2) Melanoma mass cytometry panel 

Supplementary Table S2. Melanoma mass cytometry panel 

Target Mass Clone Dilution Vendor 
Staining viSNE Analysis 

Live Saponin MeOH All Cells Cancer 

CD271* 139 ME20.4 2 µg/mL BioLegend    + + 

HLA-ABC 141 W3-32 1:200 Fluidigm    + + 

CD19 142 HIB19 1:200 Fluidigm    +  

CD117 143 104D2 1:100 Fluidigm    +  

CD11b 144 ICRF44 1:200 Fluidigm    +  

CD31 145 WM59 1:200 Fluidigm    +  

CD8a 146 RPA-T8 1:200 Fluidigm    +  

-Catenin 147 D10A8 1:100 Fluidigm    + + 

CD16 148 3G8 1:200 Fluidigm    +  

CCR4 149 205410 1:100 Fluidigm    + + 

SOX10* 150 A-2 4 ug/ml Santa Cruz    + + 

CD146* 151 SHM-57 2 µg/mL Biolegend    + + 

S100B* 153 19-S100B 1 µg/mL BD    + + 

CD45 154 HI30 1:400 Fluidigm    +  

CXCR3 156 G02587 1:200 Fluidigm      

CD90 159 5E10 1:200 Fluidigm    + + 

CD14 160 M5E2 1:100 Fluidigm      

Cytokeratin* 161 C-11 0.5 µg/mL Abcam    +  

c-MET* 162 L6E7 1 µg/mL CST    +  

SOX2* 163 O30-678 1 µg/mL BD    + + 

CD49F 164 G0H3 1:200 Fluidigm    + + 

EGFR* 165 AY13 1 µg/mL BioLegend    + + 

CD44 166 BJ18 1:200 Fluidigm    + + 

CCR7 167 G043H7 1:200 Fluidigm    +  

Nestin* 168 10C2 2 µg/mL BioLegend    + + 

AXL* 169 C89E7 4 µg/mL Cell Signaling    +  

CD3 170 SP34-2 1:100 Fluidigm      

MITF* 171 D5 4 µg/mL Dako    + + 

SMA* 173 Not Listed 0.5 µg/mL Abcam    + + 

HLA-DR 174 L243 1:200 Fluidigm    + + 

PD-L1 175 29E.2A3 1:100 Fluidigm    + + 

Histone H3 176 D1H2 1:200 Fluidigm      

*Denotes custom conjugates made from labeling kits. 
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Table 5-3 (S3) Percent Cell Abundance 

 

 

 

 

 

 

 

 

 

 

 

 

Supplementary Table S3.  Percent Cell Subset Abundance* 

Melanoma 

patient 

samples 

MP-029 MP-031 MP-032 MP-034 
MP-055 

MP-059 MP-062 

Pre-Tx 
Week 

4 
Pre-Tx 

Week 

4 
Pre-Tx 

Week 

4 
Pre-Tx 

Week 

4 

Pre-

Tx 

Week 

4 

Pre-

Tx 

Week 

4 

Pre-

Tx 

Week 

4 

Melanoma 
87.0 52.7 3.9 23.9 67.3 54.4 74.1 81.6 41.8 20.7 78.3 75.9 69.2 40.8 

Leukocyte 
9.10 33.9 92.8 60.2 26.1 37.6 11.4 12.7 53.3 78.5 75.9 19.9 40.8 13.4 

Fibroblast 
1.30 2.80 0 0.90 0 1.40 0.50 0 1.90 0 1.30 4.20 0 0 

Endothelial 
0.70 9.60 0.4 1.2 0 0.6 0.20 1.10 0 0.60 0.60 0 0.61 0 

Epithelial 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 

CD3 T cells 
5.50 27.6 31.3 32.9 8.50 25.5 5.4 10.2 20.3 43.2 11.1 13.8 3.2 3.40 

CD8 T cells 
1.70 11.7 9.70 13.0 4.50 15.2 2.0 4.40 10.6 12.3 4.9 5.60 1.70 1.70 

B cells 
0.38 1.78 56.31 21.0 0.84 8.57 0.41 1.03 28.6 32.4 5.02 2.57 0.56 0.35 

APC’s 
2.73 1.59 2.08 2.63 12.67 1.44 0.90 0.71 3.22 1.83 5.02 3.14 0 0 

*includes all patients characterized by optimized mass cytometry panel (Supplementary Table S2) 
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Table 5-4 (S4) Melanoma subsets total abundance, Week 4 vs Pre-Tx 

Supplementary Table S4 - Melanoma subset total abundance, Week 4 vs. Pre-Tx abundance, and phenotype 

No. Type 
Total 
(%) 

Pre-Tx 
(%) 

Week 4 
(%) 

Enriched proteins § 

24 Regresser 5.4% 94.6% 5.4% 
▲CD49+6  SOX10+3  S100B+3 CD44+3 

NESTIN+3  MHCI+2 
▼MHCII−2  CCR4−1 

1 Regresser 5.4% 87.7% 12.3% 
▲ MHCII+3  MHCI+2  CCR4+2 S100B+2  

CD44+2  aSMA+1  
▼CD49−5  SOX10−2  SOX2−2 

27 Regresser 4.9% 97.9% 2.1% 
▲NESTIN+4  S100B+3  CD49+3 

MHCI+2  MCAM+2  CD44+2 
▼MHCII−2  CCR4−1 

26 Regresser 4.6% 94.7% 5.3% 
▲CD49+9  MHCI+5  S100B+5 CD44+5  

MCAM+4  SOX2+3 NESTIN+3  SOX10+2 
▼MHCII−2  CCR4−1 

21 Regresser 2.0% 94.7% 5.3% 
▲CD49+7  SOX10+4  MHCI+3  S100B+3  

SOX2+3  CD44+3 BCAT+2  MCAM+2  
aSMA+2    

- 

5 Regresser 0.9% 78.5% 21.5% ▲EGFR+5  CD44+2 
▼SOX2−5  CD49−5  MHCI−3 SOX10−3  

S100B−3  MHCII−2 

23 Persister 5.3% 41.6% 58.4% ▲SOX2+3  MHCII+1 
▼CD49−4  MHCI−3  SOX10−3  S100B−3  

CD44−3  aSMA−2 

7 Persister 5.1% 52.1% 47.9% ▲MHCII+2 
▼CD49−6  SOX2−5  S100B−4  

SOX10−3 CD44−3  MHCI−2  

8 Persister 5.0% 33.8% 66.2% - 
▼CD49−6  SOX2−5  MHCI−4 S100B−4  
CD44−4  SOX10−3  aSMA−2  MHCII−2 

15 Persister 4.8% 33.2% 66.8% - 
▼CD49−6  MHCI−4  S100B−4 SOX2−4  
CD44−4  SOX10−3 aSMA−2  MHCII−2   

20 Persister 4.7% 39.9% 60.1% ▲SOX2+5 
▼CD49−6  MHCI−4  S100B−4  CD44−4  

SOX10−3  MHCII−2   

3 Persister 4.1% 71.1% 28.9% ▲CD90+1 
▼CD49−6  SOX2−5  S100B−4  MHCI−3  
SOX10−3  CD44−3  aSMA−2   MHCII−1 

9 Persister 4.1% 27.5% 72.5% - 
▼CD49−6  SOX2−5  MHCI−4 S100B−4  
SOX10−3  CD44−3 aSMA−2  MHCII−2  

11 Persister 3.8% 29.4% 70.6% 
▲CD49+4  aSMA+3  S100B+2 CD44+2  

MHCII+2  SOX10+1  
▼MHCI−2 

22 Persister 3.7% 49.2% 50.8% 
▲SOX10+2  S100B+2  CD49+2  

 MHCI+1  CD44+1 
▼SOX2−2  MHCII−2 

14 Persister 3.7% 35.3% 64.7% ▲MHCII+2  
▼ CD49−6  MHCI−4  S100B−4 SOX10−3  

SOX2−3  CD44−3  

13 Persister 3.6% 54.7% 45.3% ▲CCR4+3  SOX10+1  SOX2+1 
▼CD49−4  S100B−3  CD44−3  MHCII−2  

MHCI−1   

25 Persister 3.4% 54.9% 45.1% ▲SOX2+5 
▼CD49−5  MHCI−4  SOX10−3  S100B−3  

CD44−3  MHCII−2   

12 Persister 2.7% 42.5% 57.5% 
  

6 Persister 2.4% 25.4% 74.6% ▲MHCII+6  SOX10+2  MHCI+1   ▼CD49−4 NGFR−1 

29 Persister 2.2% 57.5% 42.5% ▲SOX2+7  CD49+3  ▼S100B−3  CD44−3  SOX10−2    

4 Persister 1.7% 49.6% 50.4% ▲EGFR+1 
▼ CD49−6  SOX2−5  MHCI−4 S100B−4  
SOX10−3  CD44−3  aSMA−2  MHCII−2   

28 Persister 0.7% 39.1% 60.9% ▲aSMA+10  MHCII+3 
▼CD49−5  MHCI−4  SOX10−3 S100B−3  

CD44−3  SOX2−2   

10 Persister 0.2% 44.9% 55.1% ▲SOX10+10  CD44+3  MCAM+2  
▼SOX2−5  CD49−5  MHCI−4 S100B−3  

aSMA−2  MHCII−2 

18 Emerging 3.9% 14.1% 85.9% 
▲CD49+9  CD44+5  S100B+4 MHCI+3  

SOX10+2  SOX2+2 
▼MHCII−2  CCR4−1 

16 Emerging 3.1% 13.9% 86.1% ▲SOX10+3 
▼CD49−6  MHCI−4  SOX2−4 S100B−3  

CD44−3   MHCII−2 

17 Emerging 3.0% 19.2% 80.8% 
▲MHCI+6  CD44+6  S100B+4  SOX10+2  

SOX2+2  CD49+2 aSMA+2  
▼CCR4−1 

19 Emerging 2.8% 4.1% 95.9% 
▲SOX10+4  S100B+3  CD49+3  MHCI+2  

CD44+2  
▼SOX2−3  aSMA−2  

2 Emerging 1.8% 16.5% 83.5% 
▲CD90+6  MHCI+3  S100B+2 SOX2+1  

MHCII+1 
▼ CD49−5 

30 Emerging 0.9% 0.2% 99.8% ▲BCAT+9  
▼CD49−5  MHCI−4  SOX10−3  S100B−3  

SOX2−3  CD44−3 MHCII−2  

Total percentage is calculated for each subset out of all melanoma subsets.  Pre-Tx vs. Week 4 percentages are calculated out of the total for each 
subset.  § MEM enrichment scores calculated for the subset vs. all other melanoma cells. 
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Doxie et al., Supplementary Figure S1 

 

 

Figure 5-6 (S1) Little or no phosphorylation of ERK, SRC, or AKT was observed in melanoma tumor 

cells after BRAK and MEK inhibitor therapy. Post-therapy BRAF and MEK inhibitor-treated melanoma 

tumor cells and signaling positive control Jurkat T cells were stained with phospho-specific antibodies to 

quantify signaling potential. In (A) Jurkat T cells show high basal phosphorylation and induction of ERK and 

SRC phosphorylation following stimulation by phosphatase inhibitor peroxide (3.3 mM for 4 minutes).  In (B) 

melanoma tumor cells from patient MP-001 showed low basal and potentiated signaling activity in 

unstimulated cells (top row) or following peroxide stimulation (bottom row).   
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Doxie et al., Supplementary Figure S2 

 

 

Figure 5-7 (S2) Targeting BRAF
V600E

 and MEK in melanoma did not significantly change the abundance 

of stromal leukocytes, fibroblasts, or endothelial cells. Sample level statistical analysis of 14 tumors 

viSNE gated cell populations (7 Pre-Tx tumors and 7 matched Week 4 post-therapy tumors). Wilcoxon signed 

rank tests were performed with a threshold of p=0.05. 
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Doxie et al., Supplementary Figure S3 

 

 

Figure 5-8 (S3) Targeting BRAF
V600E

 and MEK in melanoma tumors increased CD3
+
 T cell and CD8

+
 

effector T cell infiltration. Sample level statistical analysis of 14 tumors % CD3 expressing T cells and % 

CD8 T cells (7 Pre-Tx tumors and 7 matched Week 4 post-therapy tumors). Wilcoxon signed rank tests were 

performed with a significance threshold of p=0.05 (p=0.02, and p=0.02). 
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Doxie et al., Supplementary Figure S4 

 

Figure 5-9 (S4) FlowSOM and MEM analysis quantitatively characterized features of melanoma 

subsets before and after therapy. (A) Subsets identified from a common viSNE map of all patients were 

identified with FlowSOM. (B) Marker enrichment modeling (MEM) analysis quantitatively labeled 30 cell 

subsets with 17 markers with the highest variance for melanoma cells across patients. Represented alongside 

MEM analysis are two additional heat maps of the percent abundance and median intensity for the same 

subsets. 
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Doxie et al., Supplementary Figure S5 

 

 

Figure 5-10  (S5) Visualization of cell phenotypes before and after therapy in patients with viSNE 

analysis.  A viSNE analysis of all Pre-Tx and Week 4 melanoma cells from 7 matched samples. The viSNE 

plots display protein expression as heat for proteins with the greatest variance across patient samples. 
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Doxie et al., Supplementary Figure S6 

  

Figure 5-11 (S6). Median intensity for all features in Pre-Tx and Week 4 melanoma cells from all 

tumors studied with the optimized mass cytometry panel (Supplementary Table S2). Aggregate analysis 

of median intensity (arcsinh scale) for 20 measured proteins in melanoma cells gated as in Figure 1 from 14 

tumor samples representing matched pairs of Pre-Tx and Week 4 from 7 individual patients.  These graphs 

display additional data for samples shown in Figure 3 and Supplementary Figure S4 (e.g. AXL, MITF, and 

EGFR displayed here).  Wilcoxon signed rank tests were performed and p-values less than 0.05 are shown. 
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Doxie et al., Supplementary Figure S7 

 

 

Figure 5-12 (S7). IHC of Nestin expression showed intra-tumor cellular diversity that was comparable 

to mass cytometry. Frozen, fixed, and paraffin embedded core biopsies at three points of treatment were 

used to acquire TMA’s (tissue microarrays). Subcellular sections from the TMA <10 μm were used for 

immunohistochemistry of Nestin. Nestin expression was found to be high, medium or negative for tumor cells 

within several regions (blue=high, green=mid, yellow=negative). 
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Doxie et al., Supplementary Figure S8 

 

 

Figure 5-13 (S8).  Kaplan-Meier curves for survival and progression in melanoma patients. Kaplan-

Meier statistical analysis of 11 Pre-Tx tumors CD45 low/negative cells divided into two groups by median 

Nestin or CD49F expression. Patients with high expression of Nestin and CD49F did not have better overall 

survival and time to progression. 
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Doxie et al., Supplementary Figure S9 

 

 

Figure 5-14 (S9).  Tumor volume plotted against median Nestin or median CD49F protein expression in 

melanoma cells. Dot plots show eleven patients’ Pre-Tx tumor volume compared to the median level Nestin 

protein expression or the median level of CD49F protein expression.  
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Doxie et al., Supplementary Figure S10 

 

 

Figure 5-15  (S10)  mRNA expression for Nestin, CD49F, SOX10, SOX2, MHC I (HLA-A), and MHC I 

(HLA-B) was not significantly decreased at the time of relapse in data from Tirosh et al. Box and 

whisker plots are pooled mRNA expression from 12 tumors and 6 patients’ melanoma cells published by 

Tirosh et al., Science 2016. Tumors were therapy naïve or at the time of relapse following MAPK inhibitor 

treatment, in contrast with the time of surgical resection following 4 weeks of treatment, as here.  The 

expression level of proteins that changed significantly here was quantified as Ep(I)=log2(TPM(I)+1) where (I) is 

a set of cells and TPM is transcript per million. Wilcoxon signed rank tests were performed with a threshold of 

p=0.05 
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CHAPTER VI 

CONCLUSIONS AND FUTURE DIRECTIONS 

 In this dissertation, single cell analysis approaches were utilized to identify and 

characterize complex cancer cell phenotypes, track cell populations and identify potential 

cellular mechanisms of therapy evasion. This approach is well suited to study melanoma 

because subclonal heterogeneity is widely suggested to be responsible for the array of 

resistance mechanisms to targeted therapies (Hugo et al., 2015; Van Allen et al., 2014). 

Furthermore, before my research began the field was burdened with a convoluted 

understanding of how tumor heterogeneity affects tumor growth (Quintana et al., 2010).  In 

this dissertation, I hypothesized single cell dissection of melanoma tumors aided by 

computational would identify cells not eliminated by therapy would be revealed by a 

consistent protein expression pattern. In Chapters 2-5 of this dissertation, I demonstrated 

the progressive development of single cell mass cytometry tools and analysis approaches 

to investigate this hypothesis. 

 When my research began, high dimensional single cell approaches were a novel 

method to answer biological questions. To elucidate the utility of a high dimensional 

cytometric analysis approach, Chapter 2 presents a review that explores how his approach 

enables a multiplex view of single cell identity, signaling proteins, cell cycle status, 

proliferation, apoptosis, and biomarkers of clinical relevance. This approach was applied in 

Chapters 3 and 5 to identify and characterize biologically significant cellular phenotypes in 

melanoma. Going forward, I believe the content discussed in this review should be 

applicable to research in both basic science and translational research settings.  
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Furthermore, the discovery and validation of clinical signaling profiles discussed in Chapter 

2 may be informative for studies that aim to reveal clinically relevant profiles from patients. 

 Modifications to signaling are a common feature of melanoma resistance to targeted 

therapy and immunotherapy. To identify aberrantly signaling melanoma cells, Chapter 3 

presents the adaptation of the phospho-flow assay to dissect phosphorylation-induced 

signaling in melanoma cells. This approach resulted in a successful collaboration with Dr. 

Doug Johnson and Dr. Justin Balko that identified the MHC-II tumor positive phenotype as 

a positive prognostic feature of patients receiving anti-PD-1 immunotherapy. Furthermore, 

phospho-flow analysis revealed dysregulated JAK-STAT signaling was associated with the 

poor immuno-therapy prognosis phenotype. This work illustrated that extracellular protein 

expression or signaling activity can be used to identify clinically relevant melanoma 

subsets. From this work, it will be useful to further dissect the biological mechanism of 

aberrant MHC II expression in melanoma cells. The functional significance of MHC II’s role 

in anti-PD-1 immunotherapy has yet to be elucidated. Experiments utilizing JAK inhibitors 

on human tumor co-cultures and xenograft models could reveal if dysregulated STAT 

signaling will enhance the potency of cell killing with immunotherapy. 

 The tools developed for population identification, cell fate, and function discussed in 

Chapter 2 can also be utilized to dissect heterogeneity of solid tissues. While tissue 

disaggregation and fluorescence cytometry have been utilized in the past, it was unknown if 

dissociation protocols developed previously would be effective for mass cytometry analysis. 

Moreover, systematic evaluation of protocols had not been evaluated for the maintenance 

of cellular diversity.  In Chapter 4, the systematic evaluation of disaggregation reagents 
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revealed incubation of collagenase and DNase under 1 hour maintained tissue 

heterogeneity in suspension. This finding enabled the development of a workflow that 

would later be applied to tumors in a clinical study of human melanoma and 

adenocarcinoma. Going forward, the experimental methodology presented in Chapter 4 

should be a starting point to identify effective disaggregation conditions for tissue types we 

did not test. 

 In Chapter 5. a 32-marker mass cytometry panel for melanoma was used to deeply 

characterize melanoma cell protein expression signatures before and after neoadjuvant 

therapy targeting BRAF and MEK. This work draws from the approaches and techniques 

demonstrated in Chapters 2-4 to reveal new in vivo biology of melanoma cells that had not 

been observed previously. Initially, heterogeneous melanoma tumors were consistently 

cleared of Nestin expressing melanoma cells. Moreover, persisting subset phenotypes also 

lacked surface expression of MHC I, which has also been observed as a mechanism of 

evasion of immunosurveillance. This study design and analysis approach could serve as a 

reference point to investigate novel combinatorial treatment strategies that aim to track 

cellular mechanisms of disease progression.  

 Since the conclusion of the study presented in Chapter 5, metastatic melanoma 

treatment has rapidly progressed to testing MAPK inhibitors with immunotherapies as a 

novel treatment strategy (Karachaliou et al., 2017). The overarching hypothesis is these 

combination therapies will create high response rates observed with small molecule 

inhibitors alone, and durable long-term remissions observed from single agent 

immunotherapies. Recently a phase I clinical trial reports combination checkpoint 
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immunotherapies and targeted therapies utilizing MAPK inhibitors and anti-PD-1/antiPDL1 

are well tolerated, however, one study reports CTLA-4 and MAPK inhibitors can result in 

severe gastrointestinal events (Minor et al., 2015; Ribas et al., 2016). While an objective 

response rate of 60% for 15 patients treated with pembrolizumab, dabrafenib, and 

trametinib appear promising, currently combinatorial immunotherapy and targeted therapy 

regimens are considered investigational (Ribas et al., 2016). 

 Going forward, I recommend the workflow presented in Chapter 5 be applied to a 

larger cohort of patients (including a training and testing set) receiving combination 

checkpoint immunotherapy and targeted therapy. Utilizing a single cell approach could 

determine if this strategy eliminates cells that evade BRAF and MEK combination therapy. 

Ideally, I would acquire pre-therapy, post-therapy and relapse samples if patients presented 

with new tumors. Access to patient outcomes could also determine if the subsets identified 

are predictors of progression or survival. If enough cell suspensions were generated, I 

would also pair mass cytometry with single cell transcript profiling and cell sorting 

techniques. From this combination of single cell approaches, I would also aim to identify 

whether genetic mechanisms of resistance arise from nestin negative populations of 

melanoma cells. It may not be necessary to sort cell populations, however, it may strongly 

infer if certain cellular phenotypes are likely to develop mechanisms of resistance. Because 

intracellular loss of nestin was significantly associated with treatment response, an 

extracellular surrogate of nestin expression would be needed to sort cell populations. In 

most patients, I observed integrin alpha six was frequently associated with nestin 
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expression. To quantitatively determine which features were closely associated with nestin 

a Pearson's correlation could be used. 

 If patient samples could not be acquired, I would suggest using melanoma cells 

generated from syngeneic mouse models of melanoma. The SM1 and D4M melanoma cell 

lines have been established from conditional mouse models of metastatic melanoma, and 

are readily transplantable into immune competent hosts. D4M cells recapitulate human 

disease by expression of constitutively high p-ERK signaling and increased melanoma 

antigen after BRAF inhibition (Jenkins et al., 2014). SM1 cells have been utilized to show 

that BRAFV600E inhibitor vemurafenib improves the antitumor activity of adoptive cell 

immunotherapy and anti-PD-1 immunotherapy (Hu-Lieskovan et al., 2015; Koya et al., 

2012). While the SM1 cell line has been tested with immune checkpoint inhibitors and 

targeted therapy, using a mouse model to test optimal timing and sequences of treatment is 

currently relevant to human trials. Furthermore, how therapy affects cellular heterogeneity 

after different points of treatment has not been shown in murine models. 

  If patients or mouse models relapse from these combinations of therapy, I would 

hypothesize that loss of immunosurveillance would mediate evasion from cell death. Low 

expression of MHC class I and dysregulation of immune presentation machinery has been 

observed to impair immune recognition (Garrido et al., 2016). In Chapter 5, I observed 

MHC I and II expression to decrease after BRAF and MEK inhibition, and subsets lacking 

MHC I were most stable in population abundance. A syngeneic mouse model testing 

combination checkpoint immunotherapy and targeted therapies reported increased MHC 

expression, however, this has not been observed in humans yet (Hu-Lieskovan et al., 
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2015). However, boosting innate immune responses from NK cells or reactivating 

machinery to present antigen are possible methods to remove MHC negative cells (Garrido 

et al., 2016). 

 In Chapter 5, we were unable to determine if populations observed before therapy 

are likely to mediate relapse. Surprisingly, data from Tirosh et al. show no difference in 

nestin expression before treatment and at disease progression. Because melanoma 

patients’ disease progresses rapidly after signfiicant loss of tumor burden, this suggests 

cellular plasticity could also play a role in shifting melanoma cell identity (Holzel et al., 

2013). Furthermore, IHC data published previously from patient’s tumors in Chapter 5 

showed a decrease in Ki67 positive cells to an average of 2.9% at Week 4 (Johnson et al., 

2015). Therefore, if intrinsically resistant cells are present I would expect the biological 

activity to remain unchanged. For example, in BRAF mutated colon cancer a 5% response 

rate to BRAF inhibition has been observed indicating an intrinsic resistance mechanism is 

present (Prahallad et al., 2012). 

 Instead of the selection of an intrinsically resistant stable cell population, I 

hypothesize therapy reprograms cells for a transient identity that is capable of shifting 

phenotype. In melanoma cells a slow cycling reversible phenotype has been documented 

to establish drug sensitive parent phenotypes upon drug withdrawal (Sharma et al., 2010). 

Moreover, two studies have utilized transcript profiling to reveal a gradual change in the 

transcriptome of melanoma cells exposed to BRAF inhibitors (Shaffer et al., 2017; Song et 

al., 2017). These studies conclude that drug exposure results in transient reprogramming 

that decreases MAPK dependency. The transient MAPK dependency is then followed by 
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reactivation of MAPK signaling from an acquired resistance mechanism (Song et al., 2017). 

However, cells could also reprogram away from MAPK signaling dependency (Song et al., 

2017). These results could explain how successful rechallenge with BRAF inhibitors is 

possible for patients with metastatic melanoma (Seghers et al., 2012).  

 To date, slow growth phenotypes have been documented using human cell lines in 

vitro, patient-derived tumor xenografts, and murine melanoma in immune competent mice. I 

believe the next step would be to test this hypothesis with single cell transcript profiling and 

mass cytometry analysis from patient tumors receiving checkpoint immune therapy (e.g. 

anti-PD-1) and targeted therapies (dabrafenib and trametinib).  In this study I would collect 

samples before therapy, after therapy, and during progression.  I would also identify if this 

approach reveals loss of nestin expression overlapped with the slow growing phenotypes 

observed by other investigators. Ideally I would look for a gene and protein expression 

signature from single cells consistent with slow cycling behavior. In this model I propose 

that  cellular reprogramming and genetic mechanisms of resistance might not be mutually 

exclusive. Furthermore, drug tolerant transient cell populations could serve as a resevior for 

acquired mechanisms of resistance to develop.  

  

 Overall, longitudinal analysis and single cell characterization of melanoma tumors 

revealed dynamic shifts in tumor phenotype that were not observed in other models of the 

disease. Because a common phenotype emerged in the cells that were not eliminated, 

other therapeutic windows before disease progression should also be studied to eliminate 

cells before progression develops. If this methodology were taken into the clinic to treat and 
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study melanoma, I believe the result would be a shift in the development of therapeutics to 

target cellular programs of cancer instead of individual mechanisms of resistance that may 

not be present in all cells.     

 Going forward, I believe mass cytometry could also be used to study other layers of 

cell biology other than protein expression and phosphorylated proteins in solid tumors. To 

date mass cytometry has also been utilized to study mRNA transcripts, DNA synthesis, and 

probes against hypoxic cellular states (Behbehani et al., 2012; Edgar et al., 2014; Frei et 

al., 2016). However, mass cytometry analysis comes with important limitations for clinical 

research that must be considered before planning studies. Because cells are ionized, it is 

not possible to recover cells after analysis. Additionally, due to the delivery mechanism, 

mass cytometry throughput speed is about 10-fold slower than fluorescence cytometry. 

Furthermore, mass cytometry shares some of the same limitations as fluorescence flow 

cytometry. High quality validated reagents must be selected and titrated before 

investigation.  Since this project started (Irish and Doxie, 2014), many reagents and panels 

of antibodies have been developed for specific cell types and are now commercially 

available.  Finally, data collected from the same clinical study at several institutions would 

benefit greatly from the use of a universally adopted standard to analyze data. Each 

instrument has its own ionization efficiency profile, but normalization reagents have been 

developed for quantitative comparisons between instruments (Finck et al., 2013; Tricot et 

al., 2015).  

 I believe the most practical use of mass cytometry in the clinic would be during 

evaluation of clinical studies to characterize malignant disease and monitoring the immune 
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system simultaneously. Just as measurements of tumor volume, tissue collection, and side 

effects are documented in clinical studies, mass cytometry analysis could be performed on 

samples that may be otherwise discarded or unused by a pathologist. Panels that leverage 

malignant cell phenotypes and functional properties could identify prognostic cell 

phenotypes and therapeutic targets such as upregulated signaling, expression of 

checkpoint inhibitors or aberrations in cell cycling (Behbehani, 2017). Similarly, panels that 

leverage immune cell phenotypes and functional properties could identify immune 

infiltration and states of suppression or action. Ideally, data collected from clinical studies 

could be used as a reference point for assessments in the clinic that lead to earlier 

detection of disease progression or adaptive changes to therapeutic strategy (Behbehani, 

2017). 

In conclusion, the methods described in this dissertation revealed new in-vivo biology of 

melanoma, and I believe this approach could have significant clinical applications in the 

future.  Furthermore, as mass cytometry analyses are being applied to clinical studies of 

cancer, future studies should also consider longitudinal collection of samples in addition 

to patient outcomes.  The study in Chapter 5 demonstrated that significant changes in 

cell identity after targeted therapy could represent a new target or therapeutic window 

that would have been overlooked by studying disease progression alone. Overall, the 

concepts of subset evasion, transient phenotypes, and the emergence of resistant cell 

phenotypes should be considered as potential mechanisms of disease resistance as 

therapeutic strategies advance. 
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APPENDIX 

 

A.  MASS CYTOMETRY AND COMPUATIONAL ANALYSIS DEFINES 

ADENOCARCINOMA POPULATIONS 

This work consists of unpublished data that has been presented at AACR 2017. 

Doxie DB, Lehman JM, Zou Y, Ortega MS, Roe CE, Irish JM, Massion PP.  Single cell mass cytometry 

analysis of human lung adenocarcinoma. Cancer Research AACR Abstracts, 2017. 

Preface 

While the majority of my dissertation research focused on the analysis of solid melanoma 

tumors with the exception of Chapter 3. The tools and approaches demonstrated in my 

dissertation can be applied to other solid tumor types. Dissecting solid tumor heterogeneity 

in other cancers with single cell analysis tools should ultimately enable the discovery of 

novel features defining subsets that may be used for future therapeutic development. As a 

use case, I collaborated with Dr. Pierre Massion and Maria F. Senosain to develop mass 

cytometry panels and computational tools to dissect adenocarcinoma heterogeneity. Dr. 

Pierre Massion’s overarching goal is to use single cell analysis tools to identify subset 

phenotypes associated with poor outcome at earlier points in disease progression. 

Ultimately, if poor outcome subsets can be identified before late-stage disease develops, 

personalized treatment strategies could be developed to more effectively target aggressive 

cellular phenotypes. To accomplish this I applied approaches discussed in Chapter 4 to 

retrieve viable single cells from human adenocarcinoma tumors. My analysis demonstrated 

the feasibility of mass cytometry analysis on human adenocarcinoma tumors that had not 
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been shown previously. Furthermore, computational tools viSNE and MEM analysis 

characterized novel and known tumor cell phenotypes. 

Introduction 

Lung cancer is the leading cause of cancer-related mortality in the world (Jemal et al., 

2009). Lung adenocarcinoma is the most common subtype. Tumor heterogeneity among 

adenocarcinomas presents a challenge in the management of the disease (Jordan et al., 

2017). Understanding heterogeneity may have implications in understanding the biological 

processes driving progression. Single cell platforms like mass cytometry offer an 

opportunity to profile tumor heterogeneity and to identify populations of driven by the 

activation of signaling pathways. In this collaborative project, mass cytometry panels and 

computational tools were developed specifically to quantitatively characterize human 

adenocarcinoma tumor heterogeneity. 

Methods 

Adenocarcinomas were collected at the time of surgery and dissociated into suspension 

and cryopreserved. Mass cytometry analysis of tumors and adenocarcinoma cell lines was 

performed with a 30 marker antibody panels and rhodium intercalator dye to identify dead 

cells. The antibody panel included markers to characterize identity, cell cycle status, and 

signaling events. Gating with dimensionality reduction tool viSNE was used to compare 

major populations of cells.  

Results 

Validation of mass cytometry panels was performed with adenocarcinoma cell lines and 

human tumors. Mass cytometry analysis of PC9 (lung), A549 (lung), H520 (squamous) and 
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SW620 (colon) cells identified carcinoma cell lines exhibited phenotypically distinct cells 

between samples by expression of cytokeratin, CK7, and EGFR (Figure A-1). Furthermore, 

vimentin associated with epithelial to mesenchymal transition, p-STAT signaling molecules, 

and immune suppression ligand PD-L1 was not uniformly expressed on PC9, H520, and 

A549 cells (Figure A-1). This approach revealed mass cytometry panels and computational 

tool viSNE visualize heterogeneity between and within carcinoma samples. 
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Figure A-16 Mass cytometry analysis and computational tools visualize diverse carcinoma cell 

phenotypes. (A) Four carcinoma cells were analyzed by mass cytometry and characterized using 

dimensionality reduction tool t-SNE/viSNE.  Density plots show the identity, abundance, and phenotypic 

diversity of carcinoma cell lines tested with an adenocarcinoma signaling focused panel. Abundance is 

displayed as heat specifically for each sample. Density diagrams overlay black and white contour plots of all 

cells run within one viSNE analysis simultaneously.  (B) A combination viSNE heat plot shows all cells 

combined in one analysis to display per-cell expression of the indicated proteins on a rainbow scale where 

red indicates high expression and blue indicates low expression. 

Disaggregation of an adenocarcinoma tumor was performed with established protocols to 

create single cell suspensions (Leelatian et al., 2017a). Viable cells were detected after 

excluding dead cells with rhodium intercalator and biaxial gating of histone H3+ nucleated 

cells. Tumor heterogeneity was visualized using the Cytobank implementation of viSNE/t-

SNE (Amir el et al., 2013), which organized cells in a two dimensional graph so that cells 

with similar protein expression patterns were placed near each other to form islands of 

phenotypically similar cells. Using a 30-marker panel and expert gating several subsets 

were identified within islands formed by dense cellular events and marker expression 

patterns. The most abundant stromal populations were defined as leukocytes (CD45hi and 

MHC class I) and endothelial cells (PECAM/CD31 and MHC class I) (Figure A-2 and Figure 

A-3). Adenocarcinoma cells were defined as epithelial cells that express cytokeratin and 

lack of MHC class I (Figure A-2 and Figure A-3).  Next, marker enrichment modeling (MEM, 

(Diggins et al., 2018; Diggins et al., 2017) objectively described the enriched protein 

features of the observed tumor cell types. MEM  of adenocarcinoma cells identified subsets 

were specifically enriched for cytokeratin and p-STAT3 signaling transcription factor (Figure 

A-3).  Furthermore, MEM analysis objectively described leukocyte subsets consistent with 

antigen present cell, and neutrophil, and T cell identity (Figure A-3). 
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Figure A-17 Mass cytometry analysis and computational tools characterize adenocarcinoma solid 

tumor heterogeneity. Viable single cells were isolated following established protocols , analyzed by mass 

cytometry and characterized using dimensionality reduction tool t-SNE/viSNE. Heat plots display per-cell 

expression of the indicated label as either cellular abundance or protein on a rainbow scale where red 

indicates high expression and blue indicates low expression. 
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 Figure A-18 Marker enrichment modeling quantitatively characterizes cellular phenotypes consistent 

with known tumor cell identities. MEM labels from patient 178’s  viSNE analysis were used to identify and 

characterize cells from an adenocarcinoma tumor (populations displayed in color). MEM labels quantified 

protein enrichment (▲ up to +10) or specific absence (▼ down to -10) in the indicated tumor cell subset.  For 

example, adenocarcinoma cells in subset 1 had the label ▲CYTOK
+4 

p-STAT3
+1

 MET
+1

 ▼CD44
-7

 MHCI
-6

 

aSMA
-6

 CD45
-5

, which identified this population as adenocarinoma cells based on enrichment of CYTOK and 

MET proteins and a lack of MHC I protein expression.   

Conclusions 

Populations of infiltrating stromal cells and cancer cells were identified in lung 

adenocarcinoma. The single cell phenotyping from tumors was consistent with the profile 

found in two lung adenocarcinoma cell lines. Preliminary differences in basal signaling 

pathways responsible for growth were observed within adenocarcinoma cell populations. 

This work demonstrates the feasibility of mass cytometry to identify and characterize tumor 

heterogeneity. Work is underway to define phenotypes within the epithelial and leukocyte 

populations that could predict tumor behavior and immune response within the 

microenvironment. 
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